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ABSTRACT

This dissertation employs magnetic resonance imaging (MRI) to investigate functional
and structural connectivity of in vivo brains. The study involves a range of MRI techniques—
functional MRI (fMRI) for brains’ temporal dynamics analysis, diffusion tensor imaging (DTT)
for structural connectivity mapping, and a machine learning approach for functional/structural
data integration and connectome matrix fusion. All MRI data were acquired from brains of a
porcine model, which has demonstrated its utility as a surrogate model for studying human
brains.
Chapter 2 focuses on using fMRI to study brain recovery mechanisms of post-traumatic brain
injury (TBI). A temporal analysis compares TBI subjects with a sham group where only
craniotomy surgery was performed to assess brain function recovery. This analysis yields a
deeper understanding of brain activity over time enhanced by sparse dictionary learning and
independent component analysis. Combined with application of cerebral blood flow mapping,
this method introduces a novel approach for evaluating the efficacy of treatments like fecal
microbial transplants in TBI recovery, evidenced by increased correlation within the executive

control and salience networks.



In Chapter 3, the investigation shifts to DTI to develop a new white matter atlas tract model for
piglets. This approach shifts from conventional surface-based methodologies to a voxel-based
structural connectivity analysis, providing a detailed view of the brain's organizational
complexity. The structural connectome blueprints generated facilitate a deeper comprehension of
neurodevelopmental processes and the impact of therapeutic interventions on brain structure.
Chapter 4 synthesizes learnings from the preceding chapters and introduced the Connectome
Matrix Fusion methodology. This approach integrates structural and functional connectivity data
and provides a comprehensive view of the brain's connectome. The method markedly enhances
the differentiation of effect on brains following nutritional interventions, underscoring its
significance for neuroscience research.

Chapter 5 summarizes contributions of this dissertation and presents future research directions.
The dissertation underscores the pig model's contribution to neurological research by integrating
advanced MRI methodologies, laying the groundwork for future studies on brain connectivity
and recovery mechanisms. This comprehensive analysis elucidates the brain's structural and
functional complexities, advancing our understanding of brain health and disease and setting a

new course for neurological research advancements.
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CHAPTER 1
INTRODUCTION

The human brain, composed of billions of interconnected neurons, remains an attractive
object with secrets yet to be unveiled. Over the years, advancements in non-invasive imaging
techniques, especially magnetic resonance imaging (MRI), have significantly deepened our
understanding of the brain. With different pulse sequences employed, MRI is capable of
detecting functional information and structural information in the brain. Specifically, functional
magnetic resonance imaging (fMRI) has been used to analyze functional connectivity, capturing
the dynamic interactions between distinct brain regions at rest or when they engage in various
tasks!. Diffusion tensor imaging (DTI) maps the brain's structural connectivity by revealing the
physical connection between brain regions®. There is also a growing interest in integrating both
functional and structural MRI together as multi-model study, known as connectivity fusion, that
offers more comprehensive understanding and has great potential with brain study>’.

While the advanced imaging techniques provide a window into studying the brain's
intricate mechanisms, realizing their full potential often requires appropriate models to
approximate the human brain, especially in pre-clinical research. Traditionally, rodent and non-
human primate models have been preferred for these studies®!°. However, these models have
notable drawbacks. Rodents, despite their convenience, possess a brain anatomy that
significantly diverges from that of humans, thus limiting direct translational implications. The
missing of brain gyrus also adds to the difficulty of translating the rodent findings to human

findings'!. On the other hand, non-human primates, while anatomically and functionally closer to



humans, introduce great economic and ethical complexities. Recently, pig stands out as an
excellent translational model. The pig model’s brain size, structure, composition, and
neurodevelopmental trajectory closely mirror those of humans, enhancing the relevance and
translational potential of MRI studies conducted on the pig model for understanding human
neurobiology'>?.

Functional Connectivity (FC)

Over the last several decades, functional magnetic resonance imaging (fMRI) has become
a predominant methodology for mapping the human brain's functionalities. Functional
connectivity describes the synchronized activity between spatially distinct neural regions.
Various techniques were developed and employed for functional connectivity measurement and
among these, fMRI stands out due to its non-invasive nature, offering high spatial resolution in
vivo insights into brain dynamics compared to other techniques (like Positron Emission
Tomography (PET), Electroencephalography (EEG), Magnetoencephalography (MEG), etc. )*!4.
The effectiveness of fMRI and relation between fMRI signal and electrophysiological activation
in brain regions was proved by studies on non-human primates'>!7,

Specifically, fMRI captures the variations in brain metabolism, particularly oxygenation,
to analyze brain functional connectivity. At the cellular level, neuron activations rely on
adenosine triphosphate (ATP) for energy supply. The primary source of ATP is the oxygen-
dependent breakdown of glucose, known as Krebs cycle'®. As specific brain regions become
active and ATP is used to provide energy, a higher request for oxygen supply is needed by the
circulatory system!?. This brain region activity will result in oxygen transformation from the

blood hemoglobin to the glycolysis, and further results in generating deoxygenated

hemoglobin!>?%2!, Then, higher blood flow is gathered around the activated brain region by



neighboring veins to supply oxygenated hemoglobin. This subsequent hemodynamic response
reverses this trend, not only replenishing the oxygen levels but temporarily surpassing them,
resulting in a surplus of oxygenated hemoglobin®??23. Given that deoxygenated hemoglobin is
paramagnetic, it induces magnetic field disruptions, leading to dephasing of neighboring water
molecules and decreasing MR signal. As the hemodynamic response plays out, concentration of
deoxygenated hemoglobin lowers and is transit to its oxygenated state, causing an increase in the
MR signal. This phenomenon gives rise to what is commonly referred to as the blood
oxygenation level dependent (BOLD) signal in fMRI. To understand these changes, the effects
of deoxyhemoglobin concentration change are categorized into two intravascular and two
extravascular BOLD effects 2%,

For the intravascular parts, the effect of hemoglobin concentration on the relaxation time

T; g, 1s count as Klr,p;, while the effect of phase difference caused by oxygenation related

susceptibility is noted as KIpy. Both intravascular parts are introduced by the change in
concentration of deoxyhemoglobin. On the other hand, extravascular effects come from the
changing field gradients in the microscopic structures and are separated into effects around a
straight vein KEg, and capillaries at random orientation KE4p . The total signal at a given place
can be written as

Stotal = Ztissue Atissue " Stissue (1-1)

Where A;is5¢ 18 the volume of each involved tissue. The Sg;¢s, can be given as:

TE

TR .
Stissue = Kgain " Pissue " (1 —exp (— T )) -exp (— T ) - exp (1 Prissue) (1.2)

1tissue 2 tissue

where Ky 4y is a location and instrument related gain function, TE is the echo time, pgiseye

stands for the tissue’s relative proton density to water, and @;;¢s,describe phase different



between blood and surrender tissue parts. TR is the repetition time of the scan and Ty ;__, . 1s the

relaxation time specific to each part of tissue.

Specifically, the Kr,p,, effect on the relaxation time T, ,, can be written as?:

1

= KO + Kl * (1 - Y) + K2 * (1 - Y)Z + Kinhom (1.3)

TZ*BL
where Y is the oxygenation level in the brain section and K;,,,m refers to the macroscopic field
inhomogeneities. The K; coefficients are generated from tissue properties and density and are
specified for the magnetic field employed for the scan.

Next, the Klpy is given by’:

QgL =21 Y A, Hct-(1—y)-BO-(cosze—g)-TE (1.4)

where y is the gyromagnetic ratio, A, is the difference of susceptibility between oxygenated and
deoxygenated hemoglobin, and Hct is the mean hematocrit level in blood.

Then, the extravascular effects K Egy, can be described as®:
, 3
R20qp =57y -4, Het- (1-Yyp) Borve,  (L5)
where v, is the fraction of blood in capillaries, and Y, gives the oxygenation level in the

capillaries in gray matter,

And the dephasing around a single vessel KE4p is given by":

A
N =1-U(Swg TE) {5+ U(Ap, " 5wy - TE) - 1_;“ (1.6)

where @y gives the characteristic frequency shift of a vessel at certain degree to the field B.
Ap, 1s the relative blood volume and U is a more detailed biophysical function. §@wy can be given
3

as™:

Swg =2m 'y A, Het- (1 —=Y) - By sin®6 (1.7)



However, the BOLD signal does not offer a straightforward correspondence with neural
activities. Instead, it encapsulates a more complex blend of various sources, including synaptic
potentials and local field potentials. The signal is affected by the region-specific biophysical
parameters and is subject to noise from multiple sources. Furthermore, the signal is spatially
spread across the neighboring brain region. Specifically, we have the following equation'® to
describe the BOLD signal and neural activation:

B(x) = fn(x)(A(u) + NyW)H@W)P(x — wdu + Ny (x) (1.8)
where B(x) is the BOLD signal, and A(u) is the action/stimulus driven neuron activation at
space location u. Ny (u) refers to the uncontrolled neural responses, H (u) refers to the
parameter Hemodynamic response efficiency (HRE) which describes the coupling of neural
activity and vascular response rate, and P(x — u) refers to the spread of signal, normally at
~5mm scale. Finally, Ny, (x) describes the measurement system noise. This is a well-accepted
biophysical model to interpret the relationship between BOLD signal and neural activities.

The spatial resolution of the BOLD signal is a blurred representation of the neural
activity due to the architecture of the vascular and neural networks. Moreover, the time course of
the BOLD response to a brief stimulus (hemodynamic response function, HRF) begins with a
delay of about 2 seconds after stimulus onset, peaks between 4 to 6 seconds, and returns to
baseline, sometimes undershooting before stabilizing®’. These temporal dynamics, along with the
spatial characteristics of the BOLD signal, shift the focus from considering only spiking activity
to appreciating the broader spectrum of neuronal processing reflected in the BOLD signal.
Overall, the intricate relationship between the BOLD signal and neuronal activity, influenced by
both neurovascular coupling mechanisms and the metabolic demands of neuronal processing,

underscores the complexity of interpreting fMRI data. As such, extracting precise information



about neuronal activity patterns from the BOLD signal requires careful consideration of its
physiological underpinnings, the spatial and temporal resolution of the imaging technique, and
the specific brain region being studied.

When discussing fMRI research, there are generally two primary study types by
experiment design: one that involves specific cognitive tasks or stimulation, and aim to identifies
correlated brain activation patterns; and the other one conducted while the subject stays at rest
and delves into the temporal synchronization of spatially separated regions of interest. It is also
common to specify types as task-based (tb-) and resting-state (rs-) fMRI based on the state of
brain in studies. As definition, rs-fMRI captures the BOLD signal during periods when no
external stimuli or tasks are presented to the subject and reveals intrinsic neural activity
correlations. These activities are believed to be associated with complex neuronal processes that
continuously operate in the background, encompassing facets like self-awareness, emotion, and
memory.283!

Broadly, the methodologies employed in functional connectivity studies via fMRI fall
under two categories: seed-based (model-based) and data-driven (modal-free) approaches™?. The
former, like cross-correlation analysis (CCA), are rooted in prior knowledge and are popular due
to their simplicity. In contrast, data-driven strategies function without pre-existing knowledge,
making them particularly valuable for resting-state fMRI where patterns are often unknown.
Recent shifts in research paradigms are focusing less on the singular activated brain regions and
more on how these distinct areas collaboratively work to facilitate specific cognitive functions.
Seed-based methodology

A significant portion of functional connectivity research has employed a seed-based

approach. In these studies, specific regions of interest (ROIs) are chosen as "seeds." The



connectivity between these seeds and other brain regions is then determined by applying
predefined metrics, resulting in a connectivity map of the brain. The simplicity and effectiveness
of defining ROIs make seed-based methodologies widely employed. However, such methods
often rely heavily on well-established neuroscience knowledge or empirical experience and is
hard to apply on new protocols. Depending on the metrics adopted to measure connectivity, these
model-based methods can be further categorized as follows:
Cross-correlation analysis

Cross-correlation analysis (CCA), a well-established technique, has found applications
across diverse fields. Its introduction to functional connectivity MRI (fcMRI) research was
pioneered by Cao and Worsley>®. This technique operates on the premise that when a specific
region of the brain is functionally linked to a designated seed, their respective BOLD time
courses exhibit correlation. By evaluating variance across different regions, cross-correlation
analysis gauges the synchronicity of these BOLD time series. However, there are challenges to
this methodology: Firstly, correlation is acutely sensitive to the Hemodynamic Response
Function (HRF), which has variations across subjects and even within different regions of the
same brain **. Secondly, high correlations can arise due to noise sources, such as cardiac and
blood vessel activity in the brain, creating fake significant correlation?”.
Coherence analysis

To navigate these challenges, Sun et al. *® introduced a novel metric: coherence, which is
defined as the spectral representation of correlation within the frequency domain. Coherence
offers a different view of connectivity. Techniques such as the Short Time Fourier Transform

(STFT), Continuous Wavelet Transform, and Empirical Mode Decomposition (EMD) are



commonly leveraged extensions of coherence. Yaesoubi et al. 37 also brought up a framework for
dynamic coherence analysis of resting state fMRI.

This shift to the frequency domain provides researchers with a new framework to assess
the relationship dynamics of time series. For instance, fluctuations in blood flow typically cycle
around every 10 seconds. This means that coherence at frequencies below 0.1 Hz can be possibly
noted as noise. Similarly, since the heart bumps at a frequency close to 1.25 Hz, coherence in
this frequency range might be attributed to cardiac activity rather than brain functional
connectivity. Emphasizing frequency domain analysis can therefore discern between these
different physiological phenomena®?, which causes problem with CCA.

Data-driven methodology

To address the shortcomings associated with model-based approaches, various
methodologies that don't rely on predetermined seeds or prior knowledge have been introduced.
Functional connectivity detection can be achieved through decomposition techniques, including
but not limited to principal component analysis (PCA), independent component analysis (ICA),
clustering methods, and graph theoretical approaches®. These techniques aim to represent the
fMRI data set through a series of basis vectors (in the case of PCA and SVD) or independent
components (as seen in ICA). FC patterns can also be detected thru clustering analyses, such as
fuzzy clustering analysis (FCA) and hierarchical clustering analysis (HCA). Both types provide
comprehensive insights into the brain's functional connectivity.

Principal component analysis (PCA)

Principal component analysis (PCA) is a prominent method for data interpretation. This

technique focuses on expressing observed fMRI time series through a combination of orthogonal

components characterized as unique temporal pattern (a principal component) and corresponding



spatial pattern (an eigen map of each component at each voxel of the brain)*2. The resulting
eigen maps identify regions with correlation as showing high absolute values. However, PCA
faces challenges to identify correct components, particularly when other sources of signal
variation such as physiological noise are present®. It is also hard to fine tune the proper number
of components employed. Thus, PCA is seldomly used alone in resting-state analyses but can
help in preprocessing steps, where components contributing minimally to data variance are
discarded to refine the signal data while preserving most of the signal power.

Independent component analysis (ICA)

Independent component analysis (ICA) is a computational method that separates a
multivariate signal into additive, independent non-Gaussian components. Similar to PCA, it
decomposes time series signals to components and calculates corresponding eigen maps as
spatial patterns. However, as PCA finds orthogonal components, ICA seeks for components that
are as statistically independent as possible’**°. For example, for two unit-vectors (v/, v2) that are
not orthogonal, PCA will decompose them into orthogonal coordinates and corresponding
coefficients, while ICA will find v/ and v2 as the components. In the context of fMRI, ICA is
used to identify spatially independent patterns of brain activity that occur simultaneously,
revealing functionally connected networks without the need for a priori knowledge of the ROls.
Mathematically, ICA can be written as:

X =AC,orX = YN A (1.9)
C=WwX (1.10)
where X is the fMRI signal matrix of time series 7' by number of voxels N. A4 is the mixing matrix
and C is the component matrix storing all independent components. W (unmixing matrix) is the

pseudo reverse of 4 and is used to obtain the independent components *'*?, In practice, due to



the invention of dual-regression +**

, a procedure capable of regressing eigenvalue maps, or
activation maps, to the signal domain, decomposition of the time domain (tICA) and of the
spatial domain (sICA) are both widely used. The choice Is often made by considering the
temporal and spatial feature of the underlying simulation/activation pattern. Overall, ICA
performs better in feature detection 3>*, but also suffers from fine tuning the component number
and rely on the assumption that the components are independent..
Functional connectivity methods

After employing seed-based or data-driven signal processing, features of brain functional
activities are extracted from the raw fMRI data. Subsequently, various methods are utilized to
explore the functional connectivity of ROIs throughout the brain. These methods include
hierarchical clustering, graph theory models, and several other analytical techniques, enabling a
comprehensive examination of brain network organization and interactions among different brain
regions.
Hierarchical clustering

In fMRI studies, clustering analysis techniques such as fuzzy clustering, vector
quantization, self-organizing maps, and neural gas networks have been extensively utilized to
identify patterns of functional connectivity. The core objective is to group sufficiently similar
ROIs into clusters based on the similarity of their corresponding time series. However, these
clustering methods are having fixed number of clusters to fit in. On the other hand, hierarchical
clustering analysis begins by treating each ROI as an individual cluster and progressively merges
clusters based on a specific distance measure*®. This procedure effectively concludes information
from the entire dataset. By how it measures closeness and different type of distance calculation

employed, there are variations like single-linkage, complete-linkage, and average-linkage
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clustering. FSLNETS is a well-accepted framework of FC study utilizing hierarchical clustering
with time series from dual regression procedure for each ROI identified by ICA and is referenced

147, Despite its potential for better detailed analysis, hierarchical

and utilized in chapter
clustering is computationally demanding.
Graph theory models

Graph analytical methods are another family that is built to deal with connectivity
studies. These methods treat the human brain as a single, complex network integrating all ROIs
and sub-networks into a comprehensive system. Investigating the overall organization of this
network can provide valuable insights into the brain's operation, including the organization of
functional connections, the efficiency of information integration across sub-systems, and the
identification of crucial dominant regions. Graph theory offers a framework to analyze the
topology of these complex networks, shedding light on both local and global organizational
aspects of functional connectivity studies.
In graph theory, functional brain networks are normally depicted as graphs G = (V, E), where V'
represents brain regions (nodes) and £ denotes the functional connections (edges) between
nodes. This framework allows the nodes to represent neighboring cortical areas. The functional
connectivity level between regions is measured by the correlation of their time series, with the
overall network's organization examined through various graph metrics. Key graph properties,
including clustering coefficient, characteristic path length, node degree and distribution,
centrality, and modularity, offer insights into the network's structure*®*°. These metrics help
understand the network's local connectedness, global connectivity, hub formation, and sub-

network integration, potentially identifying networks as small-world, scale-free, or modular. As

graph theory becomes increasingly applied to neuroimaging data, new measures are being
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developed and evaluated for their ability to analyze the brain's functional and structural
connectome, marking a growing field of research with significant implications for understanding
brain organization.

Structural Connectivity (SC)

Structural connectivity, in contrast, delves into the anatomical pathways that link
different brain regions utilizing MRI. By understanding the structural connections, researchers
gain insights into the brain's foundational layout and anatomical information. This perspective
becomes crucial when studying developmental patterns, brain injuries, or degenerative diseases
where structural anomalies might influence functional outcomes.

The brain consists of massive neural cells and glial cells about 10 times the number of
neural cells. In the grey matter, the neural cells are distributed without a uniform direction,
leading to isotropic and homogeneous anatomical properties. On the other hand, white matter
contains axonal bundles, which are elongated extensions from neural cells designed for electrical
pulse transmission. Those bundles exhibit distinct directional orientations, and those orientations
can be presented by macroscopic molecule movements with corresponding directions, such as
water molecule diffusion. Water molecules move or diffuse more rapidly along white matter
fiber bundles compared to their motion perpendicular to these fibers. This anisotropic diffusion is
a key characteristic of white matter. A modern non-invasive technique to detect water molecule
diffusion is via a diffusion MRI°? leverages water molecule diffusion to create contrast in MRI
images. This contrast offers insights into the Brownian motion of molecules, within biological
tissues including gray matter (GM), white matter (WM), and cerebrospinal fluid (CSF) in a non-
invasive, in vivo manner. The technique is sensitive to the cellular environment, which

influences water mobility; in GM areas where there's little to no constraint, water diffuses
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isotopically. In contrast, in WM where bundles exist, diffusion becomes anisotropic and reflects
the bundle properties and enabling the detection of pathological changes.

To quantify diffusion parameters that depend on the white matter fiber direction and
diameter, an initial scan with no diffusion-sensitizing gradients or with a very low b-value is
collected to serve as a reference Byimage. Subsequent diffusion-weighted images (DWI) are
acquired at various gradient directions to calculate water molecule diffusion directions. Multiple
gradient directions and field strength is utilized for DWI collecting to capture diffusion
directions and increase signal to noise ratio. Different DWIs act as decomposition of the brain
diffusion map. The phase accumulation with a gradient field G applied with short time § at place
1o is "

@ = yGdn, (1.11)
where y is the gyromagnetic ratio. Then after the diffusion happens, when the gradient field is
again applied, the phase accumulation at place 7, is
Ap = yGory (1.12)
If we note yG& = q, then
Ap=q-r (1.13)
And macroscopic MRI signal can be written as
M= [P(r,t)e"" dr (1.14)
where P(r, t) is the possibility contribution of a molecule at displacement r after time ¢, and can
be derived from Fourier transform through multiple ¢ values and related MRI signals.

To interpret DWI signals, multiple models have been developed including diffusion

tensor imaging (DTI), neurite orientation dispersion and density imaging (NODDI), and many

alikes. DTI is based on the tensor interpretation at each voxel, while NODDI separate diffusion

13



into three parts: free water, intercellular, and extracellular, and requires more scans than DTI>2,
Overall, DTI remains the most popular and wide accepted structural MRI method.
Diffusion tensor imaging (DTI)

Diffusion Tensor Imaging (DTI)*, is a pivotal model in neuroimaging for characterizing
the microstructure of brain white matter. DTI uniquely represents each voxel within the brain as
a diffusion tensor. This approach captures the directional dependence of water diffusion in white
matter, where water molecule movement is significantly restricted perpendicular to the white
matter fiber axis, while remaining relatively free along the axis. By calculating tensor anisotropy
measures—ratios derived from the tensor's eigenvalues—DTI quantifies the diffusion and offer
insights into the brain’s directional anisotropy. Through DTI, researchers can infer the structural
organization and integrity of white matter pathways, significantly advancing understanding of
brain structure and function®*.

The main metrics calculated in DTI analysis are apparent diffusion coefficient (ADC) aka
mean diffusivity (MD), fractional anisotropy (FA), axial diffusivity (AD) and radial diffusivity
(RD). The MD measures the diffusivity, or moving freedom, of water molecules at a given
voxel, and AD and RD gives axial and radial (orthogonal to axial) diffusivity. Fractional
anisotropy measures the dependence of direction of diffusion, also known as anisotropy. In a
tensor model where the eigen vectors of a voxel can be denoted as A, 4,, and A; with A, for the

axial and A, and A3 orthogonal to A,, the above metrics can be calculated as®:

A1 +A,+23

ADC = MD = =7 (1.15)
AD = Aj;RD =224 (1.16)

FA = LBlODHCG DOV |y ) = 2t _ yp (17
Jz(/1§+/1§+/1§) 3
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Structural connectivity

Following the vector interpretation of the brain, structural connectivity, or tractography,
can be investigated by finding streamlines in the brain. This involves two main methods:
deterministic streamlines and probabilistic streamlines. The deterministic streamlines approach
utilizes DTI map tensors to deterministically map white matter pathways. Typical methods like
the fiber assignment by continuous tracking (FACT) algorithm initiate from a chosen seed point
and follow the fiber direction to take small, fixed steps until reaching a termination criterion—
typically areas of low fractional anisotropy or when sharp unreasonable direction change
occurs®. These deterministic approaches uniquely define trajectories based on the seed point,
tracing pathways that align with known white matter routes. However, a crucial problem arises
as the DTI voxel size and resolution are normally way larger than the microscopic white matter
structure sizes. This will result in multiple direction of tracts in a single voxel, and cause
problems with the step to take. To address this issue, the probabilistic streamlines algorithms
estimate the distribution of potential pathways from the seed region, rather than providing a
certain best-guess from the eigenvector. These algorithms utilize the local fiber orientation
probability density function (PDF) to guide stepwise streamline propagation, allowing for a more
nuanced representation of likely fiber paths by generating thousands of streamlines®’. Integrated
with tract-editing techniques, the probabilistic approach offers a more comprehensive
understanding of the distribution of likely pathways, though it remains subject to the limitations
inherent in streamline-based methods.

Yet, tractography is not without its challenges, notably the risk of false positive

connections, such as streamlines making unreasonable links. Setting inclusion and exclusion
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regions help mitigate these issues by incorporating anatomical knowledge to refine the generated
tracts, enhancing the reliability of the tractography results.

Through streamline algorithms, structural connectivity between ROIs can be measured be setting
the starting and determination seeds both as ROIs to get the connectivity matrix. Other
applications including connectome blueprint, which combines tract information and connectivity
matrix to form a tract by ROI study, as mentioned in chapter 3.

Fusion of Functional and Structural Connectivity

Current perspectives in neuroscience emphasize that cognitive functions, such as vision,
motion, memory, are generated by medium to large-scale networks comprising various brain
regions. Describing and studying brain function involves a "network analysis" that explores
spatial and temporal relationships among network elements or nodes. This approach
differentiates with studies utilizing just structural or functional connectivity but employs both
modals together and reflects the structural and functional interrelationships between edges and
nodes.

While FC remains fast development and provides massive information about the intrinsic
connections of ROIs, a significant challenge with FC analysis is the exponentially increase of
number of edges with the number of ROIs involved. This huge number makes reliable and
significant connectivity analyses difficult. On the other hand, SC analyses are dealing with
sparse matrices due to the nature of physical connection, and they can help with limiting the
number of FC edges to be considered by suggesting that the existence of a strong SC edge makes
a FC edge more likely.

Multiple models have been developed to genuinely connect the FC and SC, including

biophysical models and machine learning models. The biophysical models are trying to find and
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interpret the intrinsic relationship between SC and FC, and to build the bridge between physical
connections and temporal correlations. The biophysical models to explain intrinsic relationship
between SC and FC are listed in the Table 1.1.

In contrast, machine learning models prioritize the efficacy of data integration and pattern
identification within connectome datasets. While these models excel at predictive accuracy and
the identification of complex patterns in large-scale data, they often do not directly encode the
underlying physical or physiological mechanisms. Machine learning models are mainly used as a
classifier of normal and disease infected brains. Some studies with variant modality used for
neurological disorder detection are listed in Table 1.2.

Nevertheless, it is noteworthy that the applicability of these results to studies of the
porcine brain remains unexplored. The pig brain, with its notable anatomical and functional
similarities to the human brain, presents a unique opportunity for advancing our understanding of
neurophysiological processes. The translation of these models from human to pig brain studies
could potentially unveil novel insights into neural connectivity and pave the way for
groundbreaking developments in comparative neuroscience.

Overall, MRI technology is a forefront approach in leveraging the pig brain as a valuable
model for human neurological research. By employing functional MRI for temporal analysis,
structural MRI including diffusion tensor imaging (DTI) for spatial mapping, and innovative
techniques for connectome matrix fusion, comprehensive insights into brain activity, recovery
processes, and connectivity have been achieved. This multi-modal exploration not only advances
our understanding of neurological mechanisms but also highlights the pig brain model's potential

in contributing significantly to future neurological studies. Through these methodologies, the
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research underscores the promise of MRI technologies in offering a holistic view of brain
connectivity and function, paving the way for further discoveries in neuroscience.
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Biophysical model

Description

Application

Simultaneous
autoregressive(Valdés-
Sosa, Sanchez-Bornot
et al. 2005) (Mess¢,
Rudrauf et al. 2015)

Statistical model for spatial
correlation; interprets how a
variable is linearly related to its
neighbors in a spatial grid.

Applied to neuronal data to
determine spatial interactions;
useful in brain imaging analysis.

Wilson-Cowan (Deco,
Jirsa et al. 2009,
Bressloff 2010)

Differential equations model the
average firing rates of
interconnected excitatory and
inhibitory neuron populations.

Studies the dynamic behavior of
large-scale brain activity and the
transitions between different
brain states.

Rate fluctuation

(Cabral, Hugues et al.
2012)

Capture the variations in the
firing rate due to intrinsic noise
and the probabilistic nature of
neuron firing.

Useful for understanding the
variability in neural responses
and spontaneous brain activity
patterns.

Kuramoto (Cabral,
Hugues et al. 2011)

Describes synchronization in a
network of coupled oscillators
with individual natural
frequencies.

Applied to neurons to study
phase synchronization, important
in cognitive tasks and rhythms
like alpha waves.

Fitzhugh-Nagumo
(Ghosh, Rho et al.
2008)

Simplified version of the
Hodgkin-Huxley model,
capturing excitability with two
variables representing voltage
and recovery.

Used to model action potentials
in neurons and analyze the
conditions for excitability and
oscillations.

Neural mass
(Honey, Sporns et al.
2009)

Represents the collective
dynamics of large neuronal
populations, simulating EEG-like
signals from cortical columns

Designed to match the
macroscopic electrical activity of
the brain, predicting EEG and
MEG signals.

Spiking(Deco and
Jirsa 2012)

Detailed models that simulate the
timing of action potentials,
incorporating ion channel
kinetics and synaptic interactions

Employed for precise simulations
of individual neuronal activity
and synaptic transmission.

Table 1.1 Summary of Biophysical Models in Neuroscience Research
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Grothe et al. 2015)

Interest (ROI)-based approach and
a multi-kernel Support Vector
Machine (SVM) for classification.

Modality Description Application
MRI + DTI + Uses a combination of imaging Differentiating Alzheimer's
fMRI(Dyrba, techniques with a Region of Disease (AD) from normal

controls (NC)

MRI + PET +
biomarkers(Cheng,
Doecke et al. 2015)

ROI-based analysis with domain
transfer SVM, integrating multi-
modal data.

Classifying Mild Cognitive
Impairment (MCI) and
differentiating between
progressive MCI (pMCI) and
stable MCI (sMCI).

MRI + PET(Shi,
Zheng et al. 2017)

ROI-based multimodal Sparse
Discriminative Pattern Network
(SDPN).

Effective in classifying various
stages of Alzheimer’s progression.

MRI + PET +
biomarkers +
Genetics(Tong,
Gray et al. 2017)

Utilizes a nonlinear graph-fusion
approach to integrate multimodal
data for classification.

Targets AD diagnosis
incorporating genetic information.

MRI +

Focuses on the hippocampus using

Differentiating between AD, MCI,

Genetics(Liu, Wu et
al. 2019)

kernel representation methods.

DTI(Aderghal, Convolutional Neural Networks and NC.

Khvostikov et al. (CNN) and transfer learning

2018)

MRI + PET + Combines structured sparsity and | Integrating genetic data for

enhanced AD classification
accuracy.

Table 1.2 Summary of Multimodal Machine Learning Studies in Neurological Disorder

Classification
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CHAPTER 2

Evaluation of brain function recovery after traumatic brain injury treatment in a porcine

model by cross-group temporal-spatial correlation analysis!

''Sun, W., Reeves, W., Fagan, M.M., Welch, C.B., Scheulin, K.M., Sneed, S.E., Callaway, T.R.,
Duberstein, K.J., West, F.D., and Zhao, Q. submitted to Neurotrauma Reports, April 2024
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Abstract

Traumatic Brain Injury (TBI), a significant global health issue, is affecting approximately
69 million annually. To better understand TBI's impact on brain function and assess the efficacy
of treatments, this study employs a novel temporal-spatial cross-group approach with a porcine
model, integrating resting-state functional magnetic resonance imaging (rs-fMRI) for temporal and
arterial spin labeling (ASL) for spatial information. Our research utilized eighteen 4-week-old pigs
divided into 3 groups: TBI treated with saline (SLN, n=6), TBI treated with fecal microbial
transplant (FMT, n=6), and a sham group (Sham, n=6) with only craniectomy surgery as the
baseline. By applying machine learning techniques—specifically, independent component
analysis and sparse dictionary learning—across seven identified resting-state networks (RSNs),
we assessed the temporal and spatial correlations indicative of treatment efficacy. Both temporal
and spatial analysis revealed a consistent increase of correlation between the FMT and Sham
groups in the executive control and salience networks. Our results are further evidenced by a
simulation study designed to mimic the progression of TBI severity through the introduction of
variable Gaussian noise to an independent rs-fMRI dataset. The results demonstrate a decreasing
temporal correlation between sham and TBI groups with increasing injury severity, consistent with
the experimental results. This study underscores the effectiveness of the methodology in evaluating
post-TBI treatments such as the FMT. By presenting comprehensive experimental and simulated
data, our research contributes significantly to the field and opens new paths for future

investigations into TBI treatment evaluations.
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Introduction

Traumatic brain injury (TBI) is a significant global health issue, affecting approximately
69 million people annually (Tropeano, Spaggiari et al. 2019). As the leading cause of death and
disability for individuals under 45 years of age (Xiong, Mahmood et al. 2013), understanding TBI's
effects on brain function (e.g., connectivity) and evaluating the impact of various treatments are
essential. Functional magnetic resonance imaging (fMRI) holds great potential for assessing
alterations in brain functional connectivity post-TBI by tracking network recovery effects due to

novel therapeutics(Sanchez-Carrion, Fernandez-Espejo et al. 2008, Chai, Abd Hamid et al. 2022).

The pig model has become popular for TBI and other neurological disease studies (e.g.,
stroke)(Kinder 2019, Simchick, Scheulin et al. 2021) as a translational large animal model with
similar size and neuroanatomy(Kinder 2019) with human. Research using the pig TBI model has
increased, as it is more likely to predict human outcomes and contribute to improved therapeutic
devices and pharmacological treatment development. Our team recently demonstrated that pigs
have homologous resting-state functional networks to human brains (Simchick, Shen et al. 2019)
and identified functional connectivity disruptions due to TBI (Simchick, Scheulin et al. 2021),

further emphasizing the pig model's importance for studying functional network changes.

Various methods have been applied to reveal functional connectivity, including model-free
methods like sparse dictionary learning (sDL) (Mairal, Bach et al. 2009, Simchick, Shen et al.
2019, Simchick, Scheulin et al. 2021) and independent component analysis (ICA) (Smith,
Jenkinson et al. 2004) , as well as seed-based methods (Cordes, Haughton et al. 2000) and
functional connectome based cross-subject analysis (Amico and Goiii 2018, Benn, Mars et al.

2022). Since pigs require anesthesia during MRI scanning to reduce motion artifacts, task-based
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fMRI meets many challenges. Existing resting-state fMRI (rs-fMRI) methods mostly use the
spatial correlation between a known atlas and generated activation maps (Simchick, Scheulin et
al. 2021) to evaluate recovery of brain functions after TBI while temporal correlation (e.g., the
FSLNets (Smith, Jenkinson et al. 2004)) has been used for inter-network comparisons within a
group. However, neither spatial nor temporal correlation analysis has employed a common
baseline (e.g., a sham group in our porcine TBI study) for evaluating brain damages or disruptions

of functional connectivity.

To evaluate TBI recovery and treatment effects, we introduced a novel method for cross-
group correlation analysis, drawing inspiration from FSLNets' cross-group modeling and the
broader framework of functional connectome studies, which has been proven important for
individual fingerprinting(Finn, Shen et al. 2015). Our correlation studies assessed functional
activity similarity between a TBI group and a sham group, where the sham group underwent only
craniotomy surgery (Friess, Ichord et al. 2007), and the sham group's resting-state networks
(RSNs) were considered to maintain normal functional connectivity. We extracted time series of
RSNs from both TBI and sham groups’ raw fMRI data using sDL or ICA for functional analyses.
Those time series were then fed to FSLNets to investigate correlations between these groups,
where a higher correlation with the sham group over two time points suggested improved brain
function recovery compared to lower or unchanged correlations. We compared these temporal
correlation findings with cerebral blood flow (CBF) maps derived from arterial spin labeling
(ASL) data. Consistent with previous studies that demonstrated a strong spatial correlation
between CBF maps and functional connectivity patterns, our analysis revealed that both the CBF
spatial results and the temporal correlation trends exhibited similar patterns, reinforcing the

validity of our findings in tracking recovery after TBI.
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To better understand the TBI evaluation results, our study employs a simulation that
mimics the progression of TBI from mild to severe by adding varying levels of Gaussian noise to
experimental data in a larger pig dataset. This step was crucial for testing the sensitivity of our
methods in detecting the nuances of recovery, ensuring our findings could offer significant insights
into the dynamic processes of healing post TBI. Our results reveal distinct differences across the

spectrum of injury severity, further validated by comparison with real DTI data.

This study contributes two major advancements compared to our previous research. First, it
employs a temporal-spatial correlation analysis strategy for functional connectivity. Second, it
uncovers functional changes in TBI groups by comparing network behaviors to a common baseline

(i.e., a sham group) at two post-TBI timepoints.

Methods

Animal preparation and MRI data acquisition

A total of 18 castrated 4-week-old male crossbreed piglets were used in this study. They
were randomly assigned to one of three groups: sham craniectomy + saline (n=6, referred to as
Sham group), TBI + saline (n=6, referred to as SLN group), and TBI + fecal microbial transplant
(FMT) (n=6, referred to as FMT group). FMT or saline were administered by oral gavage
beginning 2-hours post-injury and then every 24 hours for 7 days. The moderate-severe TBI was
conducted using our previously published procedure.(Baker, Kinder et al. 2019, Kinder, Baker et
al. 2019, Kinder, Baker et al. 2019) Briefly, all pigs were anesthetized and underwent a 20mm
craniectomy surgery at the left anterior junction of the coronal and sagittal sutures. Pigs were then

secured in a controlled cortical impactor (CCI) device and a 15 mm impactor tip was positioned
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over the intact dura to induce injury in the sensorimotor network region (Simchick, Scheulin et al.
2021) with the following parameters: velocity of 4m/s, depth of depression of 9mm, and dwell
time of 400ms. All experimental procedures were approved by the Institutional Animal Use and

Care Committee (IAUCC) at the University of Georgia.

MRI was conducted on all pigs at two timepoints, day 1 (D1) and day 7 (D7) post-surgery. Pigs
were anesthetized and mild anesthesia was maintained via inhalation isoflurane for the duration of
the scans. T1-weighted anatomical, rs-fMRI, and ASL data were collected using a GE 32-channel
fixed-site Discovery MR750 3.0 Tesla magnet and an 8-channel knee coil. T1-weighted
anatomical, rs-fMRI, and ASL data were acquired using the following sequences: (1) 3D fast
spoiled gradient echo (FSPGR) sequence (repetition time TR=5.5s, echo time TE=2.1ms, flip
angle FA=9°, field-of-view FOV=12.8x12.8x6.4cm, slice thickness=1mm, a reconstruction matrix
size of 256x256x112 (resulting in cubic voxels of 0.5 mm), axial slice plane, and an acquisition
time of 10min57s, and (2) gradient echo-planar imaging (EPI) sequence (TR=3s, TE=30ms,
FA=80°, FOV=12.8x12.8x6.2 c¢cm, a matrix size of 96x96x31, coronal slice plane, 305 total
volumes for rs-fMRI an acquisition time of 15minl15s. (3) 3D pseudo-continuous ASL sequence

(FOV=12.8 cm x 12.8 cm, slice thickness 3mm, frequency/phase encoding of 512 and 8).

Data preprocessing and RSN node selection

First, all rs-fMRI and ASL images were registered to a reference space using statistical
parametric mapping (SPM12) in MATLAB 2021b. A whole-brain masking was performed for
each subject to isolate the brain from surrounding tissues, and the brain was subsequently

registered to the T1-weighted images in the anatomical space.
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In this study, two machine learning models, ICA (FSL MELODIC(Smith, Jenkinson et al.
2004)) and sDL(Kreutz-Delgado, Murray et al. 2003), were applied for temporal analysis, aiming
to reveal effect of recovery from TBI. We divided the data into two distinct datasets for machine
learning analysis: the Full Dataset Learning (FL), containing rs-MRI dataset of both TBI and sham
groups (Sham+SLN+FMT), and the Sham Dataset Learning (SL), which includes only dataset of
the sham group (Sham). The FL dataset, featuring a broader subject set, was intended to capture a
comprehensive representation of recovery process covering both TBI and craniectomy. In contrast,
the SL dataset focused on establishing a baseline with standard features from the sham group
(craniectomy) alone. Applying either ICA or sDL to either FL or SL datasets led to four
experimental conditions, thereby facilitating a thorough assessment of result consistency across

these varied scenarios.

For each experimental condition, ICA was employed to identify 100 group-level
independent components, and sDL was used to detect 300 atoms, with both independent
components and atoms representing distinctive patterns of brain functions. These identified
components and atoms were then projected back to co-registered, template pig brain’s T1-images
for mapping of various brain functions, thresholded by a z-score of 1, smoothed, and correlated
with seven predefined atlases of resting-state networks (RSNs, as elaborated in Table 2.1). The
component or atom exhibiting the highest Pearson correlation with any of the seven RSNs was
chosen as its corresponding representative RSN node. Leveraging the FSL dual regression
technique, we extracted the time series for each subject corresponding to the seven RSN nodes.
These time series were then analyzed to construct functional connectivity matrices, offering

insights into brain functional connectivity patterns.
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Cross-group Temporal Correlation analysis

Since the focus of this study is the evaluation of post-TBI brain function recovery, a
baseline is necessary for cross-group evaluations. As the sham group pigs received only the
craniectomy surgery and saline, their RSNs are assumed to maintain normal functional activities,
accompanied by the craniectomy effect at different time points (D1 and D7). This hypothesis
enables us to use the sham group based RSNs as the baseline for brain function recovery evaluation

of TBI groups.

Our analysis involved a multi-step process. We combined time series data from matching
nodes of TBI (SLN or FMT) and control (Sham) subjects to create a pseudo subject to effectively
calculate correlation matrices and assess connectivity changes for the same node cross group

(details in APPENDIX A).

To mitigate potential biases from the sequence of concatenation and account for variability
in recovery status among the TBI-treated pigs, we introduced a shuffling mechanism with multiple
trials and a drop-one-out strategy. Specifically, in each iteration, one subject was randomly
excluded, and the remaining subjects were shuffled before recombination. This procedure was
repeated 128 times, ensuring robustness against bias and variability from individual differences

and outlier effects.

Simulation

In order to underscore the efficacy of our cross-group temporal correlation analysis, we
undertook a simulation study leveraging rs-fMRI data from 44 healthy piglets, matched in age to

our study subjects and collected using identical rs-fMRI protocols(Fang, Sun et al. 2020). Utilizing
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the same seven RSN nodes (detailed in Table 2.1), we generated time series for each node via the
dual-regression procedure outlined earlier. These time series were normalized to have zero mean

and a standard deviation of one.

To mimic disrupted functional activities indicative of TBI, we introduced Gaussian noise
at varying intensities to the time series of three specific networks (EXN, SMN, and DMN). This
created two simulated TBI groups to represent mild and severe injury levels, respectively. The
entire dataset of 44 was then categorized into three: a control (sham) group of 14 subjects without
added noise, simulating normal brain function; a simulated mild TBI group of 14 subjects with
low-level noise (standard deviation of 1); and a simulated severe TBI group of 16 subjects with
high-level noise (standard deviations of 3, 5, 7, 10, and 15) to represent varying degrees of injury

severity.

We conducted temporal correlation analyses between the sham group and each of the
simulated TBI groups to validate our method's statistical robustness in distinguishing between

different levels of brain injuries.

Spatial Correlation Analysis

In addition to the temporal correlation analysis using rs-fMRI, we also performed a spatial
correlation analysis by obtaining cerebral blood flow (CBF) maps associated with the seven
resting-state networks (RSNs) using acquired ASL data. We masked the whole brain CBF map for
each subject with the seven RSNs. For each RSN, we employed a similar methodology to the

temporal correlation of rs-fMRI data for CBF spatial correlations (details in APPENDIX A).
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Results

Pigs with TBI injuries showed significant brain lesioning and edema at D1 and D7 relative
to sham pigs (Figure 2.1). The pathophysiology of TBI pigs were consistent with moderate-severe
TBI as previously reported by our research group (Kinder, Baker et al. 2019, Kinder, Baker et al.

2019).

Simulation Assessment

The simulation results are displayed in Figure 2.2. The gray bars represent similarities
between the simulated sham group and the simulated mild TBI group, while the black bars indicate
similarities between the simulated sham group and the simulated severe TBI group at various noise
levels (standard deviation of 1, 3, 5, 7, 10, and 15, respectively). The difference between the gray
and black bars consistently grows with the noise level in the severe TBI group across all three
networks. This difference reaches statistical significance at noise level 15 for the EXN, and 7 for

the DMN in the severe TBI group.

Temporal Correlation Analysis

The temporal correlation results for the TBI groups versus the sham group from D1 to D7,
obtained by ICA and sDL analysis, are displayed in Figure 2.3 A) and B), respectively. The results
represent the similarities between the sham group and the TBI group at D1 using blue bars and at

D7 using red bars.

For the SLN treated group, the SMN showed a significant decrease in the ICA result
(Figure 2.3A). Five out of seven RSNs displayed decreased correlations in both the full-dataset

learning (FL) and the sham-dataset learning (SL) results, with SMN, AUD, and BAS being
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consistent. Meanwhile, no consistent increasing trends between FL and SL were identified in any
other RSNs. In the sDL analysis of temporal analysis (Figure 2.3B), the VIS, AUD, and BAS
networks exhibited significant decreases in the SL results, while the remaining four RSNs showed

a decreasing trend in the SL results.

For the FMT treated group, the EXN and SAL showed significant increases in FL results,
while the EXN, SMN, and AUD networks had consistent increasing trends in both FL. and SL
results. No consistent decreasing trends between FL and SL were observed. In the sDL analysis,
the SAL network displayed a consistent, significant increase in both FL and SL results, while the

EXN showed a consistently increasing trend between FL and SL results.

Overall, the temporal analysis indicates that the FMT group exhibits a consistent increase
in the EXN network, while the SMN and SAL networks show three instances of increases and one
decrease. No network had more than two instances of decrease. All three increases of the SAL in
the FMT group were statistically significant. For the SLN group, the SMN network demonstrated
consistent decreases across all four trials (ICA/sDL both with FL/SL), while the EXN, AUD,
DMN, and BAS networks displayed three instances of decreases but one instance of increase. No
network had more than two instances (half of the trials) of increases in the SLN group. The
visualization of activation maps corresponding to two of the temporally changed nodes (EXN,
SAL) is shown in Figure 2.4, providing an approximate impression of those nodes and associated

changes.

Spatial Correlation Analysis
The results of the spatial correlation analysis are presented in Figure 2.5. The top and

bottom rows depict CBF spatial correlations for the seven RSNs in the SLN and FMT groups
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compared to the sham group, respectively. The lower part of Figure 2.4 presents visualized CBF
maps for the EXN and SAL networks, providing an approximate impression of the spatial
distribution and changes in these networks’ CBF correlations.

For the SLN group, no significant increases or decreases in CBF correlations were
observed, suggesting that the SLN group without treatment did not lead to noticeable changes in
CBF spatial correlations within the RSNs.

In contrast, the FMT group showed significant increases in correlation strength for the EXN and
SAL networks from D1 to D7. This finding is consistent with the trends observed in the temporal
correlation analysis (Figure 2.3) for the same two RSN, indicating that the FMT treatment may

have a positive impact on the spatial correlation of CBF within these networks.

Discussion and conclusion

In our study, we assessed brain function recovery in a pig TBI model using temporal and
spatial correlations. The findings indicate that FMT treatment resulted in enhanced recovery
compared to the SLN group, as shown by increased functional connectivity correlations with the
sham group from D1 to D7. Notably, consistent trends of improvement were observed in the EXN
and SAL RSNs for the FMT group, with significant increases in both temporal and spatial
correlations indicating potential recovery. Specifically, the SAL RSN showed significant temporal
increases in three out of four trials and a notable spatial correlation increase, while the EXN RSN,
despite not reaching statistical significance, displayed consistent upward trends in temporal

analysis and a significant spatial improvement.

Conversely, the SLN group exhibited consistent declines in functional indicators across the

SMN, AUD, and DMN networks, suggesting worsening conditions post-TBI. These contrasting
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trends underscore the potential of FMT treatment in facilitating recovery and highlight the critical

role of monitoring specific RSNs in evaluating TBI treatment efficacy.

Furthermore, the simulation results showed consistent decrease in correlation (Figure. 2.3)
with TBI progression as the noise intensity increases (in the simulation of TBI severity). While the
incorporation of Gaussian noise serves as a rudimentary approximation of TBI—given that actual
injuries can introduce more complex noise patterns—our results remained consistent. This
consistency indicates the effectiveness of the cross-group methodology in evaluating brain
function recovery across all three RSNs. Additionally, the similarity between the simulated mild
group and the sham group also proved the stability of the cross-group temporal correlation
methodology. These results demonstrate that the cross-group correlation study is a stable and
reliable method for evaluating brain function recovery. The cross-group correlation could
potentially have practical applications in clinical settings for assessing the effectiveness of TBI

treatment strategies.

In this study, we identified the most relevant ICA components and SDL atoms based on
their Pearson correlation with each of the seven RSNs and defined them as nodes (see
Supplementary Figure A2). The components/atoms were learned by group-level ICA and sDL
approaches, with either FL or SL dataset on D1 and D7 together. Both ICA and sDL approaches
decompose the group dataset into combinations of matrices (component matrix, atoms/dictionary
matrix, and their corresponding coefficient matrix), yet they reveal distinct features due to their
underlying principles. ICA tends to isolate more distinct and focused components, aligning with
its goal to uncover independent signals within the data. Conversely, SDL often produces broader,

more inclusive results, capturing larger activation areas that may encompass multiple features,
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thereby showing adaptability to smaller datasets. This contrast makes them complementary tools
in our study and offers a multifaceted understanding of the recovery effect, allowing us to gain a

comprehensive insight into brain function recovery post-TBI.

Utilizing the sham group as a baseline for brain function comparison allowed the RSN
nodes to represent normal brain functions, acknowledging that the sham group, reflecting the
craniectomy's effects, provides a more accurate baseline than a healthy control group. Nonetheless,
the study faces limitations, notably the small size of the sham group (6 subjects), limiting the
effectiveness of deep learning approaches. Additionally, the dual regression procedure's reliance
on the sham dataset for defining nodes might introduce errors due to anatomical variations between
TBI and sham subjects, potentially leading to inaccurate time series and activation maps.
Conversely, learning from the full dataset (FL), which contains both sham and TBI groups, might
highlight TBI-associated activities as fault 'features' diverging from the objective of identifying
nodes indicative of normal functions. This inclusion of TBI subjects introduces further uncertainty
in distinguishing between normal and recovery-related brain functions, making it challenging to
determine which dataset, SL or FL, more accurately represents recovery effects. Our findings did
not definitively show that one dataset outperforms the other in characterizing brain function
recovery. Acknowledging these challenges is crucial for interpreting the results and guiding future
research. Future efforts should focus on increasing sample sizes, refining learning methods, or

exploring new approaches to accurately represent normal brain functions.

It is noted that negative correlation coefficients existed in the raw correlation matrices
obtained from temporal correlation analysis. While positive correlation coefficients were

considered to represent the similarity of the comparing components, negative correlation
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coefficients were ambiguous. Some studies (Chen, Chen et al. 2011) suggest these negative values
represent negative correlation in which one component increases as the other component
decreases. Although some assumptions have been made in studies connecting the negative values
with structural or functional connectivity in the brain (Schwarz and McGonigle 2011), there are
no straightforward built-in relationships between negative correlation effects and functional
connectivity. We adopt the same methodology as previous studies by rejecting negative functional
connectivity results to avoid uncertainty (Buckner, Sepulcre et al. 2009, Meunier, Achard et al.
2009). However, it is essential to acknowledge the limitations of this approach and consider
discussing the potential implications of negative correlation coefficients in future research.
Exploring alternative methods for handling negative correlation coefficients or investigating
whether they could provide additional insights into the functional connectivity of the brain may be

valuable directions for future studies.

In this study, we reported increased correlations in only two out of a total of seven RSNs
in pig brains post-TBI. However, because the evaluations were made only six days apart, it is
possible that some RSNs may not have had adequate time to show significant changes. The high
level of variability is possibly due to injury, and more robust changes may be seen with decreased
variability in the later stage of recovering brains. Future studies may consider a longer period of
recovery time for a thorough evaluation of functional activities and explore how these findings

could be applied to other neurological disorders.

In summary, our study focused on evaluating post-TBI recovery, revealing the
effectiveness of FMT treatment through the innovative use of temporal correlation analysis of rs-

fMRI data alongside spatial correlation of CBF maps from ASL data. This temporal-spatial cross-
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group correlation approach not only confirmed the consistency of functional recoveries within
resting-state networks (RSNs) across both simulated and experimental datasets, but also
underscored the utility of this novel method in accurately assessing functional activity changes
following TBI and other neurological disorders. By offering a detailed insight into the recovery
processes post-TBI, this method stands to significantly impact neuroscience, providing a robust

framework for evaluating the outcomes of neural treatments.
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Transparency, Rigor and Reproducibility Summary

The study was registered following the example of previous studies by 'Simchick, G., et
al. (2021). "Detecting functional connectivity disruptions in a translational pediatric traumatic
brain injury porcine model using resting-state and task-based fMRI." Scientific reports 11(1): 1-
19''. The analysis plan was likewise registered in accordance with this precedent?. Eighteen
(n=18) pigs were involved in the study and data was collected at two timepoints, i.e., 1- and 7-
day post TBI®. A simulation was conducted using an additional 44 pigs as well.. All eighteen
pigs were included in the data analysis*. No special equipment or software was used in process’.
The key inclusion criteria (e.g., primary diagnosis or prognostic factor) are established standards
in field®. Implications of possible violations of these assumptions include normal distribution of
data and normal functional activities in Sham group’. Methods that do not require correction for
multiple comparisons were used, including anova'®. At the time of writing, a replication study
has not yet been planned'!. De-identified data from this study, along with the analytic code used
to conduct the analyses, will soon be publicly available on GitHub!>!3, This paper will be
published under a Creative Commons Open Access license, and upon publication, will be freely

available at https://www.liebertpub.com/loi/neu'*.
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Resting-state network

Anatomies associated with each RSN

Executive Control Network (EXN)

Primary Somatosensory Cortex
Dorsolateral Prefrontal Cortex
Anterior Prefrontal Cortex
Orbitofrontal Cortex

Insular Cortex

Ventral anterior Cingulate cortex
Dorsal Anterior Cingulate Cortex

Visual Network (VIS)

Primary Visual Cortex
Secondary Visual cortex
Associative Visual cortex

Sensorimotor Network (SMN)

Primary Motor Cortex
Somatosensory Association Cortex
Premotor Cortex

Auditory Network (AUD)

Superior Temporal Gyrus
Auditory Cortex

Default Network (DMN)

Hippocampus

Anterior Prefrontal Cortex
Inferior Temporal Gyrus

Ventral Posterior Cingulate Cortex
Retrosplenial Cingular Cortex
Dorsal Posterior Cingular Cortex
Anterior Entorhinal Cortex
Parahippocampal Cortex

Salient Network (SAL)

Caudate Nucleus

Globus Pallidus

Insular Cortex

Middle Temporal Gyrus

Ventral Posterior Cingulate Cortex
Ventral Anterior Cingulate Cortex
Retrosplential Cingular cortex
Dorsal Posterior Cingular Cortex
Dorsal anterior Cingulate Cortex

Basal Ganglia Network (BAS)

Anteroventral Thalamic Nucleus
Central Thalamic Area
Mediodorsal Thalamic Nucleus
Laterodorsal Thalamic Nucleus
Reticular Thalamic Nucleus
Ventral Anterior Thalamic Nucleus
Ventral Posterior Thalamic Nucleus
Caudate Nucleus

Globus Pallidus

Amygdala

Primary Motor Cortex
Orbitofrontal Cortex
Parahippocampal Cortex

Table 2.1. Seven RSNs and their associated anatomies.
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Figure 2.1: Representative visualizations of sham and TBI pigs. Left column: sham pig; right

column: TBI pig; top row: day 1 images; bottom row: day 7 images. Blue arrows indicate the

craniectomy surgical site, while red arrows point to the TBI injury.
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Figure 2.2: Simulation results of correlations between the sham to simulated mild and sham to
simulated severe TBI injuries. Gray bars represent comparisons of sham to simulated mild TBI
group. Black bars represent comparisons of sham to simulated severe TBI group at the added
noise levels of standard deviations of 1, 3, 5, 7, 10, and 15 for each of the RSN nodes. Generally,
stable trends are observed for the gray bars, while descending trends are observed for the black
bars in all three RSNs. These results indicate that similarities between the sham and TBI groups
decreased with increasing simulated TBI severity. Star signs indicate statistically significant

differences.
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Figure 2.3: Temporal analysis results using A) ICA and B) sDL approaches. In each section, the

first row shows full dataset learning (FL) results, and the second row displays sham dataset

learning (SL) results. The left side represents the SLN group, and the right side represents the

FMT group. Similarities between the sham group and the TBI group at day 1 are presented by



blue bars, and at day 7 by red bars. The x-axis shows the 7 RSN nodes, while y-axis shows
Fisher transformed partial correlations as Z-stats. Results are reported as means with error bars.

Star signs indicate statistically significant differences with a p-value <0.05.
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Figure 2.4: Representative activation maps for two RSNs, EXN (executive control network, left)
and SAL (salience network, right). Each subfigure displays (a) an SLN group pig, (b) a sham
group pig, and (c¢) an FMT group pig at day 1 (top row), (d) an SLN group pig, (¢) a sham group
pig, and (f) an FMT group pig at day 7 (bottom row). All correlation maps (color) are overlaid on
a registered template pig anatomical image (gray). Sections overlaid on anatomical images are

registered to an atlas for each RSN.
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Figure 2.5: Spatial CBF correlation analysis for SLN (top bar plot) and FMT (bottom bar plot)
groups, and representative spatial CBF maps for two RSNs, EXN (left) and SAL (right). In the
top graph, similarities between the sham group and the TBI groups at day 1 and day 7 are shown
by the blue and red bars, respectively. Results are reported as means with error bars. Star signs
indicate statistically significant differences with a p-value < 0.05. In the bottom visualization
graph, each sub-figure shows (a) an SLN group pig, (b) a sham group pig, and (c) an FMT group
pig at day 1 (top row), (d) an SLN group pig, (e) a sham group pig, and (f) an FMT group pig at
day 7 (bottom row). All CBF maps (color) are overlaid on a registered template pig anatomical

image (gray).
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CHAPTER 3
AFFINITY OF STRUCTURAL WHITE MATTER TRACTS BETWEEN INFANT AND

ADULT PIG?

2 Sun, W., Ahmed, 1., Dubrof, S., Park, H.J., West, F., and Zhao, Q. Accepted by Journal of
Neuroscience Methods. Reprinted here with permission of the publisher, April 2024.
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Abstract

Background

The piglet brain has been increasingly used as an excellent surrogate for investigation of pediatric
neurodevelopment, nutrition, and traumatic brain injuries. This study intends to establish a piglet
brain’s structural connectivity model and compare it with the adult pig, enhancing its application
for structurally guided functional analysis.

Methods

In this study, diffusion-weighted (DW)-MRI data from piglets (n=11, 3-week-old) was used to
establish piglet model and compare with adult pigs. We employed a data-driven independent
component analysis (ICA) method to derive piglet-specific tracts. Pearson correlations and
Kullback-Leibler (KL) divergences was employed to identify common tracts and unique tracts for
piglet. Common tracts were then used in a blueprint connectome study to highlight differences in
regions of interest (ROI).

Results

The data-driven approach applied to piglet brains revealed 17 common tracts, showing high
similarity with adult pigs' white matter (WM) tracts, and identified 3 tracts unique to piglets and
10 negative marker tracts. Additionally, the study highlighted notable differences in 3 ROIs
associated with blueprint connectome.

Comparing with existing methods

This study marks a significant shift from surface-based to voxel-based methodologies in analyzing
pig brain structural connectivity and generating connectome blueprints. Additionally, it sheds light
on the use of the piglet model for developmental studies, offering new perspectives in this area.

Conclusion
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This study established a piglet brain tract model and conducts a comparative analysis of adult pig’s
and piglet’s structural connectivity. These findings underscore the potential use of the piglet brain
model in employing piglet model for developmental studies.
Introduction

Animal models have long been an essential tool in neuroscience research, served as
translational models for human brains'-. There has been a growing interest in using the pig model
for such purposes™. The pig is an effective translational model in many ways, including the fact
that both the pig and human brain are composed of more than 60% white matter ®°. Humans and
pigs both have gyrencephalic brains, a key architectural difference directly correlated with brain
connectivity and complexity .

The adult pig brain has recently been structurally mapped and shown to share a common
connectivity space with the human brain, facilitating pig-human cortical alignment!'®. Meanwhile,
a piglet model has also demonstrated great potentials to be a pediatric surrogate model for long-

L2 neurodevelopment, and nutritional supplements !4, Yet,

term recovery after brain injury
research on infant pig brain structural connectivity is limited.

In this study, our main goal is to create a detailed map of the connections in piglet brains,
focusing on identifying the pathways (white matter tracts) that are similar between young piglets
and adult pigs. We also aim to compare these tracts and regions of interest in piglets with those in
adult pigs to understand how they are structured and interconnected. We acquired Diffusion-
Weighted Magnetic Resonance Imaging (DW-MRI) data from healthy piglets and employed
independent component analysis (ICA) to the structural connectivity matrices to identify white

matter tracts. This data-driven approach is rooted in earlier studies that explored cortical surface-

based structural connectivity in adult pig and human brains'®!>-17. Our study diverges by adopting
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a voxel-based methodology, utilizing gray matter masks to generate data-driven tracts (DDT).
Additionally, we employed structural connectome blueprints in our study, a concept introduced by
Mars, Sotiropoulos et al. '®. These blueprints provide profound insights into the complex structural
connectivity among various brain regions of interest (ROIs), including both cortical structures and
key white matter structures. By converting structural connections into feature vectors, our
approach enables direct comparisons between different brains at a consistent dimensional scale
(number of ROIs times number of tracts).

Our findings reveal 17 tracts within the piglet brain that closely resemble the adult pig’s
white matter atlas tract (WMAT), underscoring significant structural similarities. Notably, our
analysis also uncovers 3 unique tracts in piglets, offering novel insights into the structural nuances
of the piglet model. The identified 17 common white matter tracts are employed, together with 26
symmetrical pairs of ROIs, a total of 52 ROIs consisting of major cortical structures, to generate
structural connectivity blueprints. These ROIs, sourced from Saikali's anatomical atlas'®, keep
sizes that are suitably robust for transformation between adult and piglet brains. Utilizing
Kullback-Leibler (KL) divergence 2°, we conduct a comparative analysis of the connectome
properties of each major ROI between adult and piglet brains. Details of employed ROIs can be
found in APPENDIX B

The proposed structural connectivity model is expected to extend beyond this study's
scope; it will likely have far-reaching effects for future research in neuroscience. Using pigs as a
translational, large animal model for research can provide deep insights, especially when looking
at how the brain changes and develops over time. Our study sheds light on these changes and paves

the way for new areas of research, opening possibilities for more discoveries about the pig brain.
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Methods

Animal preparation and MRI data acquisition

In this study, T1-weighted anatomical and diffusion-weighted (DW)-MRI data were
obtained from a group of healthy, 3-week-old piglets (Landrace pigs, n = 11, 5 males and 6
females). The T1 and DW-MRI imaging data was collected using a GE 32-channel fixed-site
Discovery MR750 3.0 Tesla magnet and an 8-channel knee coil using the following sequence and
parameter. T1-weighted anatomical: 3D fast spoiled gradient echo (FSPGR) sequence (TR=5.5s,
TE=2.1ms, FA=9°, FOV=12.8x12.8x6.4cm, slice thickness=Imm, and a matrix size of
256x256x112); DW-MRI: spin  echo EPI sequence (TR=15.5s, TE=min-full,
FOV=12.8x12.8x6.4cm, a matrix size of 64x64x32, 3 b=0 images, and 30 diffusion weighted
images using b=1000s/mm?2). All experimental procedures, including animal facility conditions
and animal welfare, were approved and conducted in accordance with guidelines established by
the University of Georgia Institutional Animal Care and Use Committee (IACUC, AUP# is A2021
01-026). The processed connectivity data for adult pigs (n=6) was obtained from a previously

published study.

Data preprocessing and tract generation

The collected DW-MRI images were initially processed by skull stripping using the FSL
Brain Extraction Tool (FSL bet?!). Subsequently, corrections for Eddy current and motion artifacts
were applied using FSL Eddy tool ?2. Additionally, image distortions caused by susceptibility were
corrected also by using FSL Eddy tool, utilizing field maps generated by acquired phase images

(FSL Prelude tool). The corrected DW-MRI images were subsequently provided as input to the
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FSL BedpostX?* procedure to generate voxel-based maps for probabilistic data-driven
tractography analysis utilizing a two-fiber tensor model estimation.

To generate data-driven tracts, the methodology outlined in Figure 3.1A was implemented.
Specifically, a gray matter (GM) voxel-based mask was generated using 139 out of 178 anatomies

19 and registered to each subject individually using

associated with GM from a pig brain atlas
Flirt**. With FSL Probabilistic Tractography (FSL probtractx>’) software, virtual streamlines were
initiated from each voxel in the GM mask and followed the tensor estimation obtained by FSL
BedpostX to expand throughout the brain. The number of streamlines, out of a total of 5000 trials,
that start at every possible voxel u in the GM mask and pass through every possible voxel v in the
whole brain mask, was recorded as D,,;,, which marks the probabilistic structural connectivity
between voxel u and v. This was accomplished by utilizing the matrix2 option of the FSL
probtractx software. A total of 50 independent components (ICs) in conjunction with the
corresponding activation patterns in the brain space were computed in the gray matter voxel
dimension by applying the Fast Independent Component Analysis (Fast ICA) algorithm to D,,,, of
each subject. The gray matter voxels that exhibited comparable structural connectivity patterns

were identified and characterized as those components. These patterns were documented as DDTs

of white matter at the voxel level, and subsequently compared to the WMATS observed in adult

pigs'C.

Tract Comparison between adult pigs and piglets: Pearson correlation and KL-divergence

As 1illustrated in Figure 3.1B, both the Pearson correlation coefficient and the KL-

divergence were employed to determine the similarity between the DDTs of piglets and the
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WMATs of adult pigs. For the KL divergence, each DDT or WMAT was normalized and treated
as a probability distribution. The symmetric KL divergence was calculated as follows:
Tin

Win
KL;; = ZnTmlogW—m+Znanlogﬁ (3.1)

T;, quantifies the probability distribution for data-driven tract #i at voxel n, W, quantifies
the distribution for WMAT #;j at the same voxel n.

In our study, we matched each DDT with white matter atlas tract to discern structural
similarities between piglet and adult pig brains. For each WMAT, we identified the DDT that
exhibited the highest similarity by determining the lowest KL-divergence KL;; among all 50 DDTs
for each subject, where lower KL divergence indicating greater similarity. Concurrently, we
calculated the spatial Pearson correlation coefficient matrix R between each DDT and WMAT,
where, unlike KL divergence, a higher R;; value signifies greater similarity, pinpointing the best-
matching DDT for each WMAT. This procedure was applied consistently across all 11 subjects.

A threshold of 1-R = 0.7 (indicating a Pearson correlation > 0.3) was set as a criterion,
alongside the consideration of KL-divergence and tract symmetry, for tract identification. For each
WMAT, we selected and averaged the best corresponding component from each subject based on
the highest Pearson correlation for visualization in Figure 3.4.

Unique Piglet tracts

This study also effectively identified unique piglet tracts using a purely data-driven
approach. We utilized DDTs extracted from all 50 ICA components for each subject. These DDTs
were compared across subjects independent of the WMATSs. Our focus was on identifying specific
DDTs demonstrating high Pearson correlation, with a set threshold of 0.6, consistently across a

minimum of 9 out of the 11 subjects.
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These correlated components were then aggregated and averaged to form a composite
representation of each potential unique piglet tract. Subsequently, averaged tracts were compared
against the 27 WMATSs. Tracts exhibiting a Pearson correlation of less than 0.15 with any of the
WMATs are considered unique tracts for piglets.

Extract and create connectivity Blueprint using common tracts

Following the identification of common tracts between adult pigs and piglets, we focused
on symmetric cortical ROIs as outlined in Saikali's anatomical atlas '°. These ROIs were selected
based on their sufficiently large volumes, which are crucial for minimizing the potential
misalignment issues during the co-registration process. Each of the 17 common tracts, in
conjunction with the selected ROIs, was individually registered to every subject in our study. The
registration process was necessary in developing a detailed connectivity blueprint, mapping
structural connections in both piglet and adult pig brains. Figure 3.2A depicts a flow chart of this
procedure. First, matrices of ROI by whole brain voxels and matrices of tract by whole brain
voxels were generated using FSL Probabilistic Tractography (FSL probtractx) software. Next, ROI
by tract matrices were calculated by matrix multiplication and recorded as voxel-based structural
connectivity blueprints'®. The blueprints were considered to contain connectivity information
between each ROI and each identified tract. The approach was applied at the individual level, and
a blueprint was generated for each subject of 11 piglets and 6 adult pigs, allowing for comparisons
of between and within the two groups.

Comparing anatomical connectivity blueprints

The structural connectome blueprints in our study encapsulate the connectivity information

between each ROI and the identified white matter tracts. As delineated in Figure 3.2B, we interpret

the normalized rows of these blueprints as probability distributions. These distributions signify the
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likelihood of each tract being connected to a specific ROI, as initially proposed by Mars,
Sotiropoulos et al. '¥This interpretation stems from the fact that the blueprints are derived from
probabilistic outcomes.

By utilizing the symmetric KL divergence, we can determine the similarity between the
same ROI in different group subjects. The KL divergence for a given ROI KLy between the piglet
subject and adult subject is calculated by summing the divergence between the piglet blueprint Pgr

and adult blueprint Ay for each tract 7 using the following formula:
KLg = Xr Prrlog % + X1 Agrlog % (3.2)

This subject level results were calculated by pairwise comparing subjects within the piglet
group (n?,n = 11), subjects within the adult group (N2, N = 6), and subjects across groups like
shown in the equation (n * N). The results were recorded separately for each comparison.
Results
Data-driven tractography

Out of 27 WMATS of adult pig brains that revealed a high degree of correlation with human
brains '°, 17 tracts that exhibited a high level of correlation with the DDTs of piglet brains. Highly
consistent overlapping was found (over 90%) between the DDT indices with the highest Pearson
correlation and the indices with the lowest KL-divergence out of the 50 independent components
from the Fast ICA. This indicates a high degree of reliability and stability in the identified white
matter tracts and the utility of comparing the two metrics. Table 1 lists the 17 tracts in detail '°.

Figure 3.3 presents the analytical results of symmetric KL-divergence and Pearson
correlation (R). For comparison, we display 1-R values as blue boxplots and KL-divergence values
as red solid boxplots. Both sets of boxplots indicate levels of dissimilarity. Our analysis highlights

17 tracts with a median correlation coefficient above 0.3, corresponding to 1-R values below 0.7.
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These tracts also show a relatively low KL-divergence (around 8) and maintain symmetry between
the left and right hemispheres. Figure 3.4 displays each tract, labeled according to the numbers
listed in Table 1. The commonly found DDTs demonstrate significant symmetry between the left
and right brain hemispheres, as evident in Figures 3.3 and 3.4. Specifically, tracts #7 and #8
(CBT_L and R) show extended tails penetrating the central white matter, highlighted by yellow
arrows. This visualization emphasizes the distinct characteristics of the CBT tract in the piglet
brain (refer to Table 3.1 for detailed tract information).

In our search for common tracts, we also identified a pair of bilateral tracts, labeled al and
a2, and a self-symmetric tract, B1. The specific regions passed through by these tracts are detailed
in Table 3.1, and visualizations of these tracts are shown in Figure 3.4. Notably, these three unique
tracts each show a Pearson correlation of less than 0.15 when compared to any of the existing
WMATSs.

DDT comparison of gender difference

In our analysis, we computed the Pearson correlations between subjects for each of the 20
tracts. These correlations were then grouped by gender and subjected to an ANOVA test to
determine significant differences between genders. Our findings indicate that no significant
disparities were observed across any of the tracts based on genders. The most significant p value
is 0.0584 for tract CST R, which is slightly away from significant difference (See Table B2 for
more details).

Structural blueprint comparison

The results of individual-level structural connectivity analysis are displayed in Figure 3.5,

focusing on 52 (26 pairs of) gray matter ROIs on each hemisphere. These ROIs were chosen based

on the anatomical symmetry and sizes and are detailed in Table B1. For all ROlIs, the cross-group
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(adult to piglet) KL-divergence values were significantly higher than within-group comparisons
(adult to adult and piglet to piglet). Detailed p-values can be found in the Table B3. Notably, ROI
pair #22 (Perirhinal cortex) showed the highest level of cross-group dissimilarity, as indicated by
its highest mean KL-divergence value. Following closely were ROI pairs #21 (Anterior entorhinal
cortex) and #23 (Parahippocampal cortex), each displaying unique structural connectivity patterns
when compared across individual subjects.

Notably, the cross-group KL divergence values between adult pigs and piglets (AP
group) were significantly elevated compared to the intra-group divergences of adult pigs (AA
group) and piglets (PP group). This suggests a marked structural connectivity difference between
the two age groups, while also indicating a higher degree of structural similarity within each
group. Furthermore, the AP values exhibit notable bilateral symmetry, underscoring the
robustness of the analysis. The ROIs with the highest AP values, indicating the greatest structural
variability between adult pigs and piglets in three tracts, #22, #23, and #21.

Discussion
Tract and ROI similarity between piglet and adult pig group

Spatial correlation analysis revealed a high degree of structural connectivity similarity
between piglets and adult pigs. Specifically, 17 out of 27 adult pigs’ WMATSs were found to exhibit
a relatively high degree of spatial correlation or low KL divergence with DDTs identified in the
piglet group. Of these 17 tracts, 16 (or 8 pairs) were found to exhibit symmetry across the left and
right hemispheres. Only one cross-hemisphere tract was found. This symmetry serves as strong
evidence of the reliability of the methodology.

Among the 27 WMATS, the results of the structural connectivity analysis revealed the

presence of all projection tracts related to the thalamus, including the anterior thalamic radiation
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(ATR), the corticospinal tract (CST), the optic radiation (OR), the posterior thalamic radiation
(PTR), and the spinothalamic tract (STR). Furthermore, our analysis also identified four out of six
tracts related to the visual cortex (i.e., the inferior fronto-occipital fasciculus (IFOF), the fornix
(FMI), the optic radiation (OR), and the posterior thalamic radiation (PTR)), and three tracts
related to the somatosensory and motor cortices (ATR, CST, and STR). This developmental
difference in visual function was also noted in the KL-divergence-based connectome blueprint
analysis (Fig.5), where the Perirhinal cortex, a critical part in processing both visual and auditory
information, was found to be the mostly changed ROI between piglet and adult pig groups.

Based on the classification scheme proposed by previous studies %!

, all projection tracts
(ATR, OR, PTR, STR, and CST) were identified. For the commissural tracts 2°, only the FMI was
found. The fronto-occipital fasciculus (FMA) and middle cerebral peduncle (MCP) were absent.
The association tracts showed the presence of IFOF and the uncinate fasciculus (UNC), but not
the inferior longitudinal fasciculus (ILF). With regards to the limbic tracts, only the cingulum
bundle (CBT) was identified, while the cingulum cingulate gyrus (CBD), cingulum
parahippocampal gyrus (CBP), and fimbria (FX) were not observed.

Functionally, the commissural tracts play a crucial role in higher-level cognitive processes
such as attention, language, and memory 27, while the limbic tracts, also known as the limbic
circuitry, play a crucial role in regulating functions such as mood, motivation, memory, and
autonomic functions?®. The generally limited development of the commissural and limbic tracts is
likely associated with differences in higher-level cognitive functions, such as memory and
emotion, between the brain structures of piglets and adult pigs. These findings align with the

developmental stages of the pig life cycle, where piglets first develop their motor system to

compete with littermates to establish suckling teat ordered to compete for milk >>** and are capable
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of standing and ambulating 15 minutes after birth. Vision and hearing are used in pre-weaning
pigs, but these sensory functions are likely less critical in these early-stage animals. Similarly,
higher-level cognitive functions like memory and emotion are clearly active in the early stages of
a pig's life cycle as piglets establish teat order, identify siblings, and exhibit agnostic®!*2. However,
these high-level cognitive functions are likely to become further developed and more complex as
animals age along with their associated brain structures such as the commissural and limbic tracts.
This finding aligns with the blueprint study, which showed that the Anterior entorhinal cortex and
Parahippocampal cortex — both crucial for memory processing — are the second and third most
distinct ROIs between adult pigs and piglets. No significant differences were observed for the 20
piglet tracts (17 common and 3 unique tracts) between genders at the early age (3 weeks old) when
their Pearson correlation with WMAT was examined with ANOVA. Further investigation should
be conducted following different developmental stages in the future.
Data driven tract identification

We adopted a data-driven approach to identify unique tracts by analyzing DDTs derived
from 50 ICA components for each subject, independent of WMATSs. By setting a Pearson
correlation threshold of 0.6, we pinpointed specific DDTs that consistently appeared in at least 9
out of 11 subjects. Notably, this methodology revealed over 20 tracts that met our high threshold
and consistently appeared across the majority of piglets, underscoring the robustness and
consistency of our findings within the subject population.
Individual-level cross group analysis

This study's individual-level analysis played a crucial role in examining the structural
connectivity similarities between piglets and adult pigs. One of the primary advantages of this

approach was the reduced boundary issues associated with registration procedures. By
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necessitating fewer co-registration steps, the analysis likely achieved a higher level of accuracy,
circumventing common challenges in registration processes. Another significant benefit of the
individual-level analysis was enhanced statistical power. With a dataset of 6 adult pigs and 11
piglets, the study was able to conduct a wide range of inter- and intra-subject comparisons. This
robust statistical approach was key in revealing both the differences and similarities in structural
connectivity across and within different groups (Figure 3.5). The individual-level analysis
effectively highlighted the variability in structural connectivity among different subjects. The
marked difference in the cross-group KL-divergence values (referred to as ‘AP’ in Figure 3.5), in
contrast to the intra-group comparisons (‘AA’ for adult pigs and ‘PP’ for piglets), accentuated the
distinct structural characteristics between the two groups. It also underscored the significant degree
of self-similarity within each group.

While the individual-level analysis offers several advantages, it also has limitations. This
approach might not capture the broader trends and common features that could be more evident in
a group-level analysis. Overall, the individual-level analysis provides critical insights into the
nuanced aspects of structural connectivity in the brains of piglets and adult pigs, contributing
significantly to our understanding in this field.

Gray matter mask generation

This study created the gray matter (GM) voxels by selecting the relevant areas from
Saikali's anatomical atlas and then aligning these with each subject's voxels. This process, though
practical, could lead to some mismatches between the brain structures of adult pigs and piglets,
possibly introducing unexpected variables into our analysis. Alternatively, we also explored using
FSL FAST segmentation to create a specific GM mask for each subject, aiming to tailor the

analysis more closely to individual anatomies. However, when we compared the results from this
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method with those from our original approach, we did not find significant differences in the DDT
outcomes.

As a result, we kept our original method of aligning the atlas with each subject's voxels.
This co-registration method provided richer anatomical details, which we deemed valuable for the
depth and integrity of our study.

Voxel-based morphometry

The implementation of a voxel-based approach in our research presented the opportunity
to leverage GM volume in calculating the whole brain matrix (GM* D,,,,), as depicted in Figure
3.1, rather than relying on cortical surface area. This strategic pivot is particularly pertinent given
the significant variability in cortical surfaces among subjects. However, it's crucial to note that
distinguishing these variations demands high-resolution imaging, which is often not attainable
with animal brain images. In scenarios where averaging is prevalent, such as in animal studies,
registering to lower-resolution diffusion-weighted imaging (DWI) images can result in a notable
loss of detail.

In this context, the voxel-based methodology offers a more pragmatic and valid approach
for analyzing low-resolution pig models, particularly when co-registration is applied. This
approach stands in stark contrast to surface-based methods, providing a more adaptable framework
for handling the inherent challenges of low-resolution imaging.

Nonetheless, the voxel-based methodology has its limitations. The lower resolution of DWI
images, especially acute in piglet brain imaging, presents significant challenges. This diminished
resolution tends to obscure the demarcations between white and gray matter, as well as between
gray matter and cerebrospinal fluid. Such ambiguity can lead to inaccuracies in segmentation,

ultimately affecting the reliability and precision of the results. Therefore, while the voxel-based
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approach mitigates some issues associated with low-resolution imaging, it is not immune to the
intrinsic limitations that this imaging quality entails.
Limitations

Despite robust identification of structural tract similarities between piglets and adult pigs,
this study is limited in several aspects and can be further improved upon. One such limitation is
the use of 50 ICA components, which were repeatedly tested and refined, but may not be the
optimal choice. This is because we found that several white matter tracts share the same best
component, suggesting the possibility of combined tracts in these components. Additionally, the
small sample size (N=11) of piglets in this study may also limit the statistical power of our results.
In the future, larger sample sizes could provide a more robust assessment of these findings.

In conclusion, our data-driven approach has successfully established a comprehensive
structural connectivity model for piglet brains, enabling ROI comparisons and effectively bridging
the developmental gap between piglets and adult pigs. By unveiling 17 common white matter tracts
and identifying 3 unique tracts specific to piglets, this study underscores the intricate structural
parallels and distinctions within the porcine neurodevelopmental trajectory. The utilization of
voxel-based methodology alongside independent component analysis enriches our understanding
of piglet neuroanatomy, offering a robust framework for future translational neuroscience research.
Notably, the comparative analysis between piglet and adult pig connectomes not only illuminates
the developmental dynamics of neural pathways but also highlights the feasibility and significance
of employing pig models for comprehensive, structural-guided neurodevelopmental studies. This
work opens new avenues for exploring brain development and lays a solid foundation for
subsequent investigations into the intricate mechanisms underlying neurodevelopmental

processes.
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Common Description
Tract

ATR L, Anterior Thalamic Radiation: connecting the thalamus with the
R (#1,2) prefrontal cortex

CBT L, Temporal Cingulum: connecting the dorsal posterior cingulate and
R (#7,8) the parahippocampal cortex

CST L,R Corticospinal Tract: connecting the brainstem and the sensorimotor
(#9, 10) cortex

FMI(#12) Forceps Minor: connecting the left and right visual cortices passing

through the splenium of the corpus callosum

IFOF L, Inferior Fronto-Occipital Fasciculus: connecting the visual and
R (#15, 16) frontal cortex

OR L,R Optic Radiation: connecting the thalamus with the inferior visual
(#20, 21) lobe

PTR L,R Posterior Thalamic Radiation: connecting the thalamus to a V11
(#22, 23) target mask

STR L,R Superior Thalamic Radiation: radiating from the thalamus to the
(# 24, 25) primary and somatosensory association cortex

UNC L, Uncinate Fasciculus: connecting the anterior region of the inferior
R (#26, 27) temporal gyrus into external capsule, terminating in the anterior prefrontal

cortex
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Involved Anatomies

Caudate nucleus, Globus pallidus, Putamen, Substantia nigra,

Anterior prefrontal cortex, Dorsal anterior cingulate cortex

Anteroventral thalamic nucleus, Mediodorsal thalamic nucleus,

Ventral anterior thalamic nucleus, Fornix, Periaqueductal gray, Third

ventricle, Cerebral aqueduct

Table 3.1. This table enumerates the 17 identified common white matter atlas tracts
(WMATS), detailing the hemisphere location (L for left, R for right) and the corresponding
number of tract# in Figure 3.3 (X-axis) and Figure 3.4. Additionally, this table includes

information on the tracts that are unique to piglets and anatomies that these tracts pass through.
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DW-MRI data A) Tract generation
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Fig.3.1 Flowchart of the voxel-based data-driven tractography analysis procedure. A)

Tract generation: A gray matter (GM) atlas was first generated using the anatomical atlas
(Saikali et. al). The number of simulated streamlines from GM voxels to whole brain voxels

were then calculated using the DW-MRI data and collected as D,,,, for each subject. The Fast
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ICA and regression procedure was applied to D,,,,, and patterns of every independent component
(IC) were recorded as a DDT. B) Tract comparison of the WMAT and DDT: symmetric KL-

divergence and Pearson correlation between each DDT with WMAT were calculated as KL;; and

Rij.
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A) Blueprint generation
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Fig.3.2 Flowchart of pig connectome blueprint generation and comparison. A) Blueprint
generation: the procedure of creating voxel-based structural connectivity blueprints is conducted

by generating matrices of region of interest (ROI) by whole brain voxels and matrices of tract by
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whole brain voxels. B) Degree of dissimilarity: the rows of the generated connectivity blueprints
of piglets (Prr) and adult pigs (ArT) are normalized and treated as probability distributions
indicating the likelihood of each tract linking to a specific ROI. The dissimilarity between the

ROIs in piglet and adult brains is then determined using the symmetric KL-divergence metric.
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Spatial Dissimilarity results between Data-driven tracts and WM atlas tracts
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Fig.3.3 Comparative Analysis of Spatial Pearson Correlation and Symmetric KL-
Divergence in WMATSs and DDTs. The figure displays two types of boxplots: open, blue
boxplots on the left, corresponding to the spatial Pearson correlation (1-R) on the left blue y-axis,
and solid, red boxplots on the right, representing the symmetric KL-divergence between piglet
DDTs and adult pig white matter atlas tracts (WMATS), aligned with the right red y-axis. A
threshold of 1-R = 0.7 (indicating a Pearson correlation > 0.3) was set as a criterion, alongside
the consideration of KL-divergence and tract symmetry, for tract identification. Out of 27
WMATs, 17 DDTs were identified that show a high level of similarity with their adult pig

counterparts. Tracts meeting these criteria are marked with stars, and their specific white matter
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atlas counterparts are enumerated in Table 1. Notably, symmetrically paired tracts demonstrated

a significant resemblance to their corresponding atlas tracts.
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Fig.3.4 Comparative Visualization and Tract Distribution Analysis. (4A): Subject-
Averaged Data-Driven and Atlas-Based White Matter Tracts Visualization. The upper panel
illustrates the overlaid tracts: data-driven tracts (depicted in purple) align closely with the white
matter atlas tracts (in red), demonstrating significant similarity and bilateral symmetry. Tracts are
labeled with numbers corresponding to those in Table 1 and Figure 3. Notably, as marked by
yellow arrows, tracts #7 and 8 exhibit extended tails extending into the central white matter,
underscoring the distinctive characteristics of the CBT tract in the piglet brain (refer to Table 1
for tract details). The lower panel reveals three piglet-specific tracts (in purple), representing
average occurrences in at least 9 out of the 11 subjects and having a minimum Pearson
correlation of 0.6. Comprehensive details and names of all tracts are provided in Table 1. (4B):
Venn Graph of Tract Distribution. Figure 4B presents a Venn diagram illustrating the
comparative distribution of tracts among humans, adult pigs, and piglets, offering a visual

representation of the unique and shared tracts across the three groups.
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Individual-level structural connectivity analysis

Left hemisphere

1.5 T T T T T
EAdult to adult
§ EAdult to piglet
o 1[[CPiglet to piglet B
e
2
TO05- It
-
.
‘|| ._.“::ulzuu__zﬁ__I-II‘||1.|1|_-.'EIH‘"uu
5 10 15 20 25
Right hemisphere
1.5 T T T T T
Bl Adult to adult
§ ElAdult to piglet
@ 1 [CpPiglet to piglet 7
:
2
T05- 1
-
x

Fig.3.5 Results of Individual-Level Structural Connectivity Analysis Highlighting Cross-
Group Differences. This figure is divided into two panels representing hemispheric differences in
structural connectivity. The upper panel shows the results for the left hemisphere's regions of
interest (ROIs), while the lower panel depicts those for the right hemisphere. The KL-divergence

values across different groups are featured.
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CHAPTER 4
INTEGRATING STRUCTURAL AND FUNCTIONAL BRAIN CONNECTIVITY: A
MULTIMODAL FUSION APPROACH USING MACHINE LEARNING IN THE PORCINE

MODEL?

3 Sun, W., Ahmed, 1., and Zhao, Q. To be submitted to ‘Frontier in neuroscience’
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Abstract
Background

The exploration of brain connectivity presents a complex challenge in neuroscience,
requiring advanced methodologies to understand the intricate interplay between structural and
functional networks. The porcine model offers a valuable proxy for human neurological studies
due to its similar neuroanatomical structure, including gyrencephalic brain and comparable white
and gray matter distribution. This research builds on the necessity for multimodal data fusion,
introducing a novel methodology, Connectome Matrix Fusion, to integrate structural
connectivity (SC) and functional connectivity (FC) for a comprehensive analysis of brain
dynamics.
Methods

This study utilized a cohort of 3-week-old piglets, divided into control and groups
receiving different nutritional supplements (DHA, egg yolk, or both), to assess the impact of
dietary interventions on brain connectivity. Employing T1-weighted MRI, resting-state fMRI,
and diffusion-weighted MRI, we generated SC and FC matrices. The Connectome Matrix Fusion
technique was developed, optimizing a parameter vector (R) through Covariance Matrix
Adaptation Evolution Strategy (CMA-ES), to fuse SC and FC data on a nodal basis. The fusion's
efficacy was evaluated using Support Vector Machine (SVM) classification, comparing the
accuracy and confusion matrices against single-modality data.
Results

The application of Connectome Matrix Fusion yielded a significant improvement in

classification accuracy, surpassing single-modality analyses by at least 15%. Notably, the
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presence of crucial nodes across various classification tasks underscored the robustness of the
global R vector, optimized to capture essential features across tasks.
Conclusion

The Connectome Matrix Fusion methodology demonstrated substantial potential in
advancing neuroscience research, particularly using the porcine model. By successfully
integrating SC and FC matrices, this approach has unveiled complex connectivity patterns within
the brain, highlighting the efficacy of dietary interventions on neurological development. This
study not only contributes to the body of knowledge in neuroimaging and brain connectivity but
also opens avenues for future research into therapeutic interventions and the broader application
of multimodal fusion techniques in neuroscience. Through the employment of advanced machine
learning methods, including derivative-free optimization, this research underscores the versatility
and depth of insights achievable with multimodal neuroimaging data, setting a new benchmark
for neurological studies.
Introduction

Neuroscience research heavily relies on animal models, with the porcine model being
particularly valuable due to its neuroanatomical parallels with humans. Structurally, this is
evidenced by the proportionate distribution of white and gray matter, mirroring human brain
development' 2. Both pigs and humans share a gyrencephalic brain structure, crucial for intricate
neural interconnections. Functionally, the porcine brain exhibits significant similarities to the
human brain, reinforcing its applicability in translational research®*. Recent studies in structural
brain mapping have further aligned the pig brain with human neural architecture, enhancing the
model’s relevance for translational applications®. This confluence of structural and functional

attributes allows for comprehensive investigations into the dynamics of structural connectivity
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(SC) and functional connectivity (FC), with research increasingly integrating structural
connectomes and functional regions of interest (ROIs) for deeper insights®’.

The rapidly advancing field of multimodal data fusion in brain imaging is revolutionizing
our comprehension of brain structure and function. By integrating various imaging techniques
such as diffusion tensor imaging (DTI) and functional MRI (fMRI), this approach offers a more
holistic view of the brain's architecture and activity dynamics®. The synergy between structural
connectivity and functional connectivity, crucial for understanding these dynamics, has been
extensively documented’.

The limitations of single modality studies become evident when examining complex
neurodegenerative diseases like Alzheimer's. Here, multimodal fusion has proven pivotal in
detecting both structural and functional brain changes, highlighting the inadequacy of relying
solely on single imaging techniques'®!'!. This example underlines the broader necessity of
multimodal studies in brain research, given the brain's intricate organizational principles and the
need to explore beyond linear relationships between different data types.

Building on the demonstrated necessity of multimodal data fusion approaches, our study
introduces an innovative methodology termed 'Connectome Matrix Fusion.' This technique
synergistically combines SC and FC matrices, creating a unified connectome matrix, referred to
as connectome matrix C. This integrated approach aims to provide a more comprehensive
representation of brain connectivity by merging information from both SC and FC. By
transcending the constraints of using SC or FC matrices separately, Connectome Matrix Fusion
is designed to reveal latent patterns within the brain's connectome.

In our study, we applied this methodology to the porcine model, aiming to utilize diverse

data sources for deeper insights. We assessed the method's efficacy in distinguishing healthy
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control piglets from those subjected to various nutritional supplements, including
Docosahexaenoic acid (DHA), egg yolk, or a combination of both. A notable outcome was the
improved classification accuracy by at least 15% compared to single modality data,
demonstrating the approach's effectiveness in revealing underlying connectivity patterns and its
potential to significantly advance biomedical research.
Methods
Animal processing and data collection

In this investigation, we employed multi-modal neuroimaging techniques to acquire brain
imaging data from 3-week-old piglets (n=44)'2. The study encompassed four groups: a healthy
control group (n = 14), a DHA-treated group (n = 12), an egg yolk-treated group (n=12), and a
group receiving both DHA and egg yolk supplements (n = 12). The imaging modalities included
T1-weighted anatomical imaging, resting-state functional MRI (rs-fMRI), diffusion-weighted
MRI (DW-MRI). The data collection was performed using a GE 32-channel Discovery MR750
3.0 Tesla magnet equipped with an 8-channel knee coil. All experimental procedures adhered
strictly to the guidelines stipulated by the University of Georgia Institutional Animal Care and
Use Committee (IACUC), under the approval number A2021 01-026.
Connectome matrix fusion

A flow chart for the Connectome Matrix Fusion method is shown in Figure 4.1. The
fusion is performed with a parameter vector, R, to fuse the SC and FC data on a nodal basis. The
core of our methodology lies in optimizing R through Covariance Matrix Adaptation Evolution
Strategy (CMA-ES)!*!3, This state-of-the-art optimization technique was pivotal in pinpointing
the vector R that optimally interprets connectome information, thereby facilitating the best

outcomes as evidence.
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We evaluated the fusion performance using a Support Vector Machine (SVM) approach
(Joachims 1998) to classify connectome matrices based on different nutritional supplements. The
efficacy of the fusion was determined by comparing the accuracy and confusion matrices from
this classification to those derived from individual SC and FC metrics. Our classification process
involved a 3-fold cross-validation strategy and a comprehensive grid search for tuning SVM
hyperparameters—specifically, the regularization parameter, kernel type, and kernel
coefficient—according to changes in vector R. Detailed descriptions of these methodological
advancements are presented in the subsequent sections.

Data Preprocessing

The input dataset contains SC and FC matrices, which are characterized by distinct
physical nature and scales. In order to render them comparable and facilitate their fusion,
appropriate data preprocessing is necessary. The FC matrices were utilized in their original form
of partial correlation without modification. On the other hand, the SC matrices were
preprocessed using a logarithmic transformation to manage the different scaling of the
distribution of functional and structural connectivity strengths. This transformation enhances the
robustness of the subsequent analyses, ensuring a more reliable and accurate interpretation of the
connectome data !!. The transformation to SC matrices is followed by the addition of a small
epsilon to address zero-values within the data.

Time-resolved functional connectivity

We have limited availability of subjects in our initial dataset—comprising merely 12 or
14 subjects in each group. This scarcity of data poses some challenges, primarily related to the
model's susceptibility to overfitting and its ability to generalize well to unseen data. To enhance

the diversity and richness of our dataset, we incorporated the concept of time series
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segmentation'® to augment our dataset. In our approach, we extracted shorter time series
segments from the original resting state functional MRI (rs-fMRI) time series, and treated the
segmented times as added individual subjects. Specifically, we extracted segments of 150 time
points from the original 300 time points long series. By shifting 30 time points at a time, we
constructed a new subject, ultimately forming six distinct subjects out of the original one. To
mitigate the challenges posed by potential class imbalances within the data, we employed a
custom Synthetic Minority Over-sampling Technique (SMOTE) function designed for 3D data'’.

However, there is a possibility that this technique might introduce the risk of data leakage
due to the inherent overlap between the constructed subjects. To carefully mitigate this risk and
maintain the integrity of our cross-validation process, all six augmented subjects derived from
the same original subject were allocated exclusively to the same training or testing set during the
following 3-fold validation evaluation. This ensured that our evaluation metrics were not over-
optimistic and provided a reliable and robust assessment of our model’s performance.
Connectome Matrix Fusion

Our fusion protocol is designed to integrate the distinct yet complementary data from SC
and FC matrices. The aim is to create a composite connectome matrix, referred to as C, which is
expected to surpass the classification accuracy of SC or FC matrices alone and improve the
depiction of brain connectivity patterns. This method involves a weighted linear combination
governed by a vector R, whose dimensionality matches the number of nodes in the matrices. It
merges corresponding rows and columns from SC and FC matrices to form C. This fusion
technique is uniformly applied across all subjects, ensuring uniformity in the application of the
vector R.

The method is mathematically represented as:
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Csi=R; -SC;; + (1—R;)- FCy; (4.1)
Cfs=R; -SCis+(1—R;)- FCs (4.2)
andC = C" +C° (4.3)
Here, Mg ; (M, a matrix representing C,SC, or FC) represents the i*"node (row) of the

s'" subject, and M represents the j“*node (column) of the s*" subject.

While the edges (correlation between a pair of nodes) of FC matrices are inherently
symmetric and commutative, depicting undirected associations or relationships, the edges of SC
matrices from node I to node J and their counterparts (from node J to I) inherently exhibit
asymmetry, reflective of the directional nature of structural connections. Given the innate
directional asymmetry in SC edges, we opted to process them symmetrically to refrain from the
introduction of external information. However, we intentionally preserved the inherent
asymmetry stemming from SC to keep the embedded, directional information within the fused
matrices.

Classification and hyperparameter tuning

The classification efficacy of the fused connectome matrices was evaluated using a
Support Vector Machine (SVM) to distinguish between variations in brain development resulting
from different nutritional supplements. To mitigate the risk of variance in our small dataset and
enhance the robustness of our findings, a stratified K-fold cross-validation approach with three
folds was employed. The SVM was fine-tuned through a comprehensive grid search across a
spectrum of hyperparameters, which were adapted in response to variations in the R vector to
optimize classification performance. These parameters included the regularization constant,
choice of kernel, and its associated coefficient, as delineated in the supplementary materials. The

mean classification accuracy, calculated over the three folds for each hyperparameter set,
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informed the optimization of the R vector. The procedure is shown on the right side of the Fig.1
flowchart.
Optimization of R using CMA-ES

Our objective was to refine the vector R to enhance classification accuracy. We employed
the CMA-ES, a non-derivative optimization method, due to its efficacy in high-dimensional,
non-linear functions. CMA-ES is well-suited for complex optimization problems, with its vast
parameter space.

CMA-ES operates by dynamically adjusting a multivariate normal distribution, using a
mean vector and covariance matrix. Each iteration produces new candidate solutions from this
distribution, which are evaluated to inform adjustments to the distribution's parameters. This
adaptive approach aims to direct the search towards optimal regions within the parameter space,
circumventing the need for gradient information. The gradient-free characteristic of CMA-ES is
particularly beneficial for optimizing functions that are non-convex, non-smooth, or noisy. Its
ability to navigate through irregular objective functions makes it robust for identifying optimal R
values. A flowchart of CMA-ES procedure is shown in Figure 4.1.

Specifically in our study, CMA-ES aims to locate the optimal combination of R values
that fuses the most distinguished connectome information and therefore generates the highest
classification accuracy. We defined a bound constraint for the R values, limiting them between 0
and 1 ''. The optimization process was configured to take early stopping when the function value
changes were too small, ensuring the achievement of a near-optimal solution. Additionally, a
maximum of 200 iterations were allowed to maintain computational efficiency. The optimization
process was initialized with an initial guess for the R values as a vector with all elements set to

0.5, representing an equal contribution of structural and functional connectivity matrices in the
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fused matrix initially. The initial standard deviation was set to 0.2 to allow a sufficient
exploration of the solution space in the initial phase of the optimization. The CMA-ES optimizer
was then run with the cross-validation function, which encapsulated the classification model, as
the objective function to be minimized.

Task-specific and global R for optimization accuracy

In our analytical framework described above, an R vector is specifically optimized for
each specified task, focusing on binary classification among the control group and the three
distinct nutrition study cohorts (DHA, Egg Yolk, and combo group). This task-specific R vector
is crafted to accentuate the features embedded within both SC and FC. We have also instituted a
global R (GR) vector that is globally applied to the three binary tasks. Its aim is to ascertain an
optimized R vector with universal applicability across a spectrum of tasks, thereby establishing a
standard benchmark for comparative analyses. This global approach not only mitigates the risk
of overfitting but also serves as a testament to the method's robustness.

The pursuit of a GR vector involves the optimization of average classification accuracy
over a trio of binary classification tasks between the control group and each of the respective
nutrition study groups. To validate the consistency of our method, both the task-specific and GR
vectors were subjected to multiple optimization iterations. We have employed a fixed random
seed 42, a widely recognized standard, across most aspects of our study except for CMA-ES
procedures. This approach ensures reproducibility and maintains consistency in accuracy when
solely employing SC and FC for comparative assessments. Results obtained under varying
random seeds have demonstrated comparable robustness, further substantiating the reliability of

our findings. Details of these results are available upon request.
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Results

The accuracy for each task is shown in Table 4.1. for the GR task, the shown accuracies
are averaged among the three binary tasks. The significant nodes (thresholded by 0.12) is shown
in figure 4.2. Specifically, an R value that approaches 1 implies a predominant role of SC in the
fusion, signifying that the structural information of a particular node is consistently crucial for
the classification of brain states or conditions. An R value nearing 0 indicates a predominance of
FC, suggesting that for these nodes, the functional aspects of connectivity exert a greater
influence on the classification outcomes.

In the results of our analysis, we observed a significant overlap in the nodes identified as
crucial for classification in the individual tasks of Combo, Egg, and DHA to the control group
with those identified in the GR task. This intersection of node significance underscores the
robustness of the GR vector which was optimized to capture the essential features required
across the various tasks. More than 65 percent nodes in the DHA to control (6 out of 9), Egg
yolk to control (6 out of 9), and Combo to control tasks (12 out of 15) are found to overlap with
the GR task crucial nodes. Furthermore, more than 85 percent of crucial nodes identified in the
GR task also showed up in three single tasks (18 out of 21). Specifically, GR overlaps with DHA

task with the following nodes [#4 Hippocampus, #29 Putamen, #32

Primary Somatosensory Cortex, #39 Primary visual cortex, #46

Dorsal_anterior_cingulate_cortex, #49 Parahippocampal_cortex], overlaps with Egg yolk task

with these nodes [#10 Dorsolateral prefrontal cortex, #13 Primary visual cortex, #14

Secondary visual cortex, #25 Auditory Cortex, #28 Caudate nucleus, #45

Dorsal_posterior_cingular _cortex], and overlaps with Combo task with nodes [#3 Putamen, #4

Hippocampus, #20 Dorsal anterior cingulate cortex, #32 Primary Somatosensory Cortex, #35
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Premotor Cortex, #37 Anterior prefrontal cortex, #39 Primary visual cortex, #43

Middle temporal gyrus, #45 Dorsal posterior cingular cortex, #46

Dorsal anterior cingulate cortex, #48 Perirhinal cortex, #49 Parahippocampal cortex]. On

the other hand, while there’s only one overlap node between the Egg yolk and the combo tasks,

more than half crucial nodes in DHA (nodes [#4 Hippocampus, #32

Primary Somatosensory Cortex, #39 Primary visual cortex, #46

Dorsal_anterior_cingulate_cortex, #49 Parahippocampal_cortex]) occurred in Combo task.

Those five nodes also occurred in the GR group, potentially marking the effect of the DHA
supplement in brain development.
Discussion
Comparison between baseline and the fusion

A crucial part of our evaluation was to confirm that the classification accuracy achieved
through the optimized R vectors surpasses the accuracy of using solely SC or FC. Through the
employment of fusion connectomes, we observed a substantial enhancement in accuracy across
all tasks, exhibiting increments exceeding 15% for each of the tasks. The enhancement in
classification accuracy proved the efficiency of our methodology, indicating that the
incorporation of both SC and FC information, optimized through R, contributes to a more
comprehensive and accurate representation of connectivity patterns.
Global R: Balancing Variance and Bias

Incorporating a global R within diverse tasks served as a mechanism to moderate
variance whilst maintaining minimal bias in our study. In the context of machine learning,
variance refers to the model’s sensitivity to fluctuations in the training dataset, whereas bias

refers to the error introduced by approximating complex real-world problems with simplified
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models. High variance normally is related to underfitting and unstable results among datasets,
while high bias normally is related to overfitting, and the model is addicted to the training
dataset. The deployment of a global R constraint is purposed to force the model to discover more
intrinsic, underlying patterns that are inherent in the data.

As shown in the result section, more than 65% of nodes in the separate tasks are shown in
the GR tasks as crucial nodes, which account for more than 85% of nodes in the GR task. The
presence of these nodes in the GR task demonstrates the model’s ability to assimilate and
prioritize features that are consistently influential across diverse datasets. This consistency not
only reaffirms the validity of the globalized approach but also indicates these nodes as potential
biomarkers for further investigation into brain connectivity distinctions between different dietary
interventions.

DHA classification with high overlap and lowest accuracy: good or bad?

Our study reveals a good overlap between the DHA task and the combo task, where both
DHA and egg yolk are used as food supplement to the piglets. More than half crucial nodes in
DHA task appeared in the combo task, while only 1 overlap node was found between the egg
yolk and combo tasks. This finding may suggest the dominance of DHA effect in brain
development shown by those shared crucial nodes, while egg yolk does not have consistent
effect on those brain regions. However, a consistent pattern of lesser accuracy in the task of
delineating between DHA group with the control group, whether utilizing SC, FC, or the fused
connectome approach. This trend also appears in the global R study. When the global R is
applied to the tasks, the DHA classification task still holds the least accuracy. This consistent
observation of comparably low classification accuracy irrespective of the computational

approach employed may suggest a potential minimal differentiation between the control and
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DHA groups. Such uniformity in accuracy patterns may be indicative of a more subtle inter-
group distinction.
Utilization of CMA-ES: A Derivative-Free Method

In our study, we employed Covariance Matrix Adaptation Evolution Strategy (CMA-ES),
a derivative-free optimization method, owing to its unique advantages and capabilities. One
notable advantage of employing CMA-ES is its ability to allow for a clear, dual-staged
procedure, enabling the retention of the Support Vector Machine (SVM) in its original form
while separately conducting the optimization. This distinct separation significantly alleviates the
computational burden during training, which is a crucial factor considering the constraints of our
dataset’s size. The derivative-free nature of CMA-ES also offers capability for problems where
the objective function is stochastic, noisy, or discontinuous, which enabled us to search for the
best SVM hyperparameters to apply. Specifically, in stochastic settings where output variability
is influenced by randomness, CMA-ES, with its population-based approach, ensures a robust
performance, as it does not depend on gradient information and thus is not misled by the
randomness. Similarly, in scenarios with noisy function evaluations, the algorithm's ability to
average out noise over multiple evaluations and generations grants it a significant edge over
gradient-based methods, which might otherwise struggle due to inaccurate gradient
computations. In cases of discontinuous objective functions, where gradients might not be
defined or can exhibit abrupt changes, CMA-ES stands out as it navigates based on the ranking
of solutions, not their gradient values. This aspect is particularly beneficial when searching for
optimal SVM hyperparameters, as the performance landscape with respect to these parameters
can be intricate, displaying noise and discontinuities, especially with a limited dataset.

Furthermore, its inherent capacity to explore the global search space methodically enhances its
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potential to locate optimal solutions that gradient-based methods might overlook, especially in
the presence of multiple local optima.

However, the non-gradient nature of CMA-ES presents its own set of challenges. The
absence of gradient descent imposes limitations on the precise interpretation and justification of
the optimization procedures, potentially complicating the explanation of the resultant optimal
solutions. This can often lead to a complex navigation through the solution space and might
necessitate additional justification to corroborate the optimization path undertaken.

In summary, while the lack of gradient information in CMA-ES necessitates
interpretation of optimization trajectories, its ability to efficiently reduce parameters to learn,
navigate through complex solution spaces and its adaptability to diverse problem scenarios
render it an invaluable tool, particularly when addressing challenges with smaller datasets and
non-differentiable objective landscapes.

Data leaking

Within the framework of our study, special emphasis was placed on circumventing any
form of data leakage to ensure the integrity and validity of our results. Data leakage is a critical
concern as it can lead to overly optimistic evaluations and compromises the generalizability of
the model to unseen data. To rigorously prevent such mishaps, we took great care of organization
of our datasets, particularly focusing on the segregation of augmented data. Each augmented
data, regardless SC or FC, was kept in its entirety within distinct folds, ensuring a stringent
partition between training and testing sets in every fold of our model’s evaluation. This
arrangement precluded any cross-contamination of information between the training and testing
phases, preserving the sanctity of the independent testing environment and thereby fortifying the

robustness of our evaluation metrics.
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Randomness in the study

In our study, we acknowledged the multifaceted role of randomness in to balance both
the robustness and replicability of our findings. The selection of the random seed is pivotal in
controlling the stochasticity inherent in our methodologies, and we consciously elected a well-
accepted starting point, random seed value of 42, for most components entailing random
processes, except for the CMA-ES optimization. This deliberate choice provided dual
advantages: first, by allowing the randomness inherent in CMA-ES optimization, we introduced
an element of robustness into our investigation, and second, by maintaining a consistent random
seed in other components, we ensured that our results were reproducible and transparently
traceable. It is imperative to underline our cognizance regarding the potential misuse of random
seed selection to inflate results, a practice we stringently avoided. Our approach was not to
cherry-pick a seed that would present our work in a disproportionately favorable light, but rather
to illustrate the inherent robustness of our methods.

In conclusion, the comprehensive evaluation of Connectome Matrix Fusion within this
study underscores its substantial potential in advancing neuroscience research, particularly in the
context of the porcine model. By successfully integrating structural and functional connectivity
matrices, this innovative approach has demonstrated a notable enhancement in classification
accuracy, thereby confirming its efficacy in capturing the intricate connectivity patterns of the
brain. The employment of machine learning methods, including the derivative-free optimization
technique CMA-ES, has further enriched our analytical toolkit, allowing for the robust
evaluation of complex neuroimaging data without the constraints of traditional gradient-based
optimization. Our findings revealed the impact of dietary interventions on brain connectivity and

also pave the way for future investigations into the fusion between structure and function within
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the brain. As we continue to unravel the complexities of brain connectivity, the insights garnered
from this study provide a promising foundation for exploring therapeutic interventions and
deepening our understanding of neurological development and recovery processes.
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Accuracy with fused
Task Accuracy with SC (%) | Accuracy with FC (%) | connectome (%)
Control — DHA 58.31+2.2 59.0+2.1 83.8+1.3
Control — EGG 70.8+3.8 70.8+2.0 93.0+1.8
Control — combo 75.0£4.0 68.81£2.3 93.5+1.0
GR 68.01+4.2 66.2+3.8 84.610.3

Table 4.1: Classification accuracies for various tasks using structural connectivity (SC),
functional connectivity (FC), and a fused connectome. Accuracies for SC and FC are determined
with a fixed seed ensuring reproducibility, while fused connectome results are the average of 10
trials (8 trials for GR), and all results are further averaged across three folds. The fused
connectome achieves superior performance as seen in each binary classification task (along each
row), particularly showing the highest accuracy (93.5%) in the Control — combo task, whereas
the Control — DHA task demonstrates the lowest accuracy (83.8%). Notably, the GR task
maintains a comparable accuracy in the fused connectome condition as to the binary

classification tasks (along each column).
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| Generate a Multivariate Normal Distribution R for connectivity
l matrix fusion SVM with K-Fold Cross-Validation

Get Candidate Solutions q l

' Fine-Tune SVM with hyperparameter Grid Search ‘

Evaluate Candidates

\

‘ Calculate Mean Classification Accuracy ‘

Adjust the Multivariate Distribution [ _ ]
CMA-ES for R SVM for accuracy
optimization evaluation

Figure 4.1: Integrated Workflow of Covariance Matrix Adaptation Evolution Strategy
(CMA-ES) and Support Vector Machine (SVM) Classification Processes: This graph illustrates
the operation of two advanced computational methodologies. On the left, the CMA-ES procedure
is depicted, showcasing its iterative cycle of generating candidate solutions, evaluating them, and
adjusting the distribution parameters. This process efficiently explores the parameter space to
find optimal solutions. On the right, the SVM classification process is outlined, demonstrating its
use in binary classification (in this case, distincting brain development influenced by nutritional
supplements) through a stratified K-fold cross-validation approach and hyperparameter
optimization. The iterative fine-tuning of the SVM, informed by mean classification accuracy,
complements the adaptive search strategy of CMA-ES, together providing a comprehensive

framework for the evaluation of fusing parameter R.
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Figure 4.2: Illustration of crucial nodes in classification task in GR, DHA, Egg yolk and
Combo group. The R vectors acquired from different tasks were compared and are depicted in
the illustrative boxplot, with each task uniquely colored for clear delineation. In this illustration,
emphasis is placed solely on nodes that persistently exhibit a predominant influence (thresholded
with a standard deviation less than 0.12) thereby serving as crucial determinants in the
classification tasks. Nodes manifesting considerable variance within each task’s R vectors are
treated as non-crucial for the corresponding task and are not shown to enhance visualization
clarity. An R value approaching 1 signifies a dominance of SC in the fusion process, highlighting
that the SC information of this particular node is consistently pivotal for classification tasks.
Conversely, an R value near 0 underscores the dominance of FC, indicating that the functional

aspects of connectivity are more influential in the classification process for that node.

107



CHAPTER 5
CONCLUSIONS

The core narrative of this dissertation revolves around the innovative use of MRI to
bridge structural and functional connectivity study in the brain. This dissertation employs the pig
brain as a viable surrogate for human brain study. Through temporal fMRI analysis, we gained
insights into the dynamic processes of brain recovery post-TBI, emphasizing the importance of a
baseline for comparison. Moving forward, spatial DTI allowed us to map the structural
connectivity in piglets, revealing both similarities and unique aspects when compared to adult
pigs. This exploration into structural connectivity laid the groundwork for the final leap - the
fusion of connectome matrices. The Connectome Matrix Fusion methodology exemplified the
power of integrating multiple data modalities to achieve a holistic understanding of brain
connectivity.

In chapter 2 of this research, we employed the pig model to study traumatic brain injury
(TBI)—a leading cause of death and long-term disability worldwide. Our research introduces a
new designed methodology for temporal analysis of functional magnetic resonance imaging
(fMRI) data, aimed at evaluating the recovery of brain function post-TBI. This innovative
approach is distinct from conventional analyses in its utilization of a cross-group correlation
analysis between TBI-affected subjects and a sham group that underwent craniotomy surgery
only and without TBI induction. Current studies normally use several metrics and compare the
TBI group results to the sham/control group results, while we used the correlation between TBI

and sham as the metric for evaluating the TBI recovery effect. This deep evolvement of the sham
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group as a correlation baseline for normal functional connectivity is unprecedented in TBI
research, enabling a comparison of recovery trajectories while accounting for variables such as
the effects of surgical intervention and natural aging.

By incorporating both sparse dictionary learning (sDL) and independent component
analysis (ICA) for the extraction of time series of resting-state networks (RSNs), our analysis
delivers a more sophisticated understanding of the temporal dynamics of brain recovery post-
TBI. Furthermore, the integration of cerebral blood flow (CBF) maps into our analysis not only
underscores the reliability of our method in tracking recovery but also reinforces the alignment
between cerebral perfusion and functional connectivity patterns. Such a methodological
framework is vital for the field, as it addresses a crucial part in existing TBI research: evaluation,
by providing a rigorous mechanism to assess and compare the efficacy of therapeutic
interventions over time.

Our study's key contributions are highlighted by the experimental findings that revealed a
consistent increase in correlation between the fecal microbial transplant (FMT) treated group and
the sham group within the executive control and salience networks, indicating the effectiveness
of FMT as a post-TBI treatment. Additionally, a simulation designed to mimic the progression of
TBI severity underscored the decreasing temporal correlation between sham and TBI groups
with increasing injury severity, consistent with our experimental observations. These results not
only validate the efficacy of our novel methodology in evaluating post-TBI treatments but also
contribute significantly to the field by opening new avenues for future investigations into TBI
treatment evaluations.

Then in Chapter 3 of this doctoral exploration, we investigated the structural connectivity

of the brain using DTI. We pioneered the creation of a white matter atlas tract (WMAT) model
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tailored for piglets, revealing 17 tracts that are consistent with those found in adult pigs, and
additionally identifying three tracts unique to piglets. This achievement bridges the gap in our
understanding of structural brain development across different life stages and also illuminates the
distinct structural intricacies inherent to the piglet brain. Such insights are instrumental in
advancing our comprehension of neurodevelopmental trajectories and the mechanisms
underlying brain recovery following injury.

Our research introduced a voxel-based structural connectivity (SC) analysis, employing
ICA on diffusion-weighted magnetic resonance imaging (DW-MRI) data derived from piglets.
Our approach represents a significant methodological leap departing from traditional surface-
based analyses to embrace a voxel-based paradigm. By doing so, we were able to harness the
granularity of voxel-based data, allowing for the generation of data-driven tracts (DDT) that very
well capture the complex organization of the brain with unprecedented detail. The effectiveness
of voxel-based SC ICA in this context is particularly notable, demonstrating an unparalleled
capacity to unravel the intricate structural connectivity within the developing piglet brain.

Another focus in our methodological framework was the application of structural
connectome blueprints, a concept that facilitated a comprehensive mapping of the brain's
structural networks. The consistent result in positive and negative markers of tracts and highly
different ROIs between piglets and adult pigs both revealed possible development pattern of the
porcine model.

The significance of our findings extends well beyond the immediate scope of this study,
laying a foundational cornerstone for future neuroscience research. By establishing the first
WMAT model for piglets, our work opens new pathways for exploring brain development,

offering a template for investigating the effects of various interventions on neurodevelopmental
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outcomes. Furthermore, the methodological innovations introduced in this chapter—namely, the
voxel-based SC analysis and the use of structural connectome blueprints—equip researchers with
powerful tools for dissecting the complex architecture of the brain. This comprehensive approach
to mapping structural connectivity in piglets not only enriches our understanding of
neurodevelopmental processes but also sets the stage for a deeper exploration of the potential
impacts of therapeutic interventions on brain structure and function.

Finally, in Chapter 4 of this doctoral research, we embarked on an ambitious journey to
transcend traditional boundaries in brain imaging, harnessing the synergistic potential of
Connectome Matrix Fusion. This groundbreaking methodology, which seamlessly integrates
structural connectivity (SC) and functional connectivity (FC) matrices into a unified connectome
matrix, represents a leap in our quest to decode the intricate coupling of the brain's connectivity.
Drawing on the profound anatomical and functional parallels between porcine and human brains,
Connectome Matrix Fusion emerges as a transformative approach in neuroscience, enabling a
holistic and nuanced exploration of brain architecture and activity.

Our pioneering application of Connectome Matrix Fusion is predicated on the
understanding that the multifaceted complexity of brain connectivity transcends what can be
captured through single-modality imaging studies alone. By coupling SC and FC data, we
construct a comprehensive connectome matrix that embodies the full spectrum of brain
connectivity, offering invaluable insights into the underlying patterns of neural interaction and
organization. This integrative technique is particularly crucial in differentiating different states of
the brain where it facilitates a more robust detection than using only structural and functional

brain alterations, thereby providing a more complete framework for evaluating brain changes.
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The practical application of our Connectome Matrix Fusion methodology within the
porcine model has yielded significant findings, particularly in differentiating healthy control
piglets from those subjected to various nutritional interventions, including Docosahexaenoic acid
(DHA), egg yolk, or a combination of both. The improved classification accuracy by at least
15% over traditional single modality approaches underscores not only the methodological
robustness of Connectome Matrix Fusion but also its profound efficacy in uncovering latent
connectivity patterns that lie beyond the reach of conventional imaging techniques. This
achievement highlights the methodology's broad applicability and its potential to revolutionize
biomedical research, opening new avenues for investigating and understanding the brain's
connectome with unparalleled depth and precision.

Based on these studies, the new methodologies pave the way for a comprehensive future
study of TBI. We have developed the sham-base metric for evaluation of the TBI effect on the
functional part, which can be readily adapted for structural comparisons. Through the
development of the SC ICA method, we have successfully identified tracts in both piglet and
adult pig brains, opening avenues for in-depth aging and developmental studies within the pig
model. This approach is particularly advantageous for conducting long-term investigations into
the effects of TBI. Additionally, the identified tracts serve as valuable markers for determining
ROlIs, further refining our analysis.

Building on these advancements, we plan to apply our methodologies to a newly created
fused connectome matrix. This will allow us to uncover intrinsic patterns within the brain,
facilitating a thorough understanding of TBI recovery mechanisms. By integrating functional and

structural data through our novel techniques, we aim to gain comprehensive insights into the
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dynamics of TBI recovery, setting the groundwork for future research in this critical area of
neuroscience.

In conclusion, this PhD research represents a significant stride towards a more integrative
and comprehensive understanding of the brain's structural and functional complexities. By
leveraging the pig model as a surrogate for human brain studies, we have unveiled new

dimensions of brain connectivity, recovery, and the potential for therapeutic interventions.
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APPENDIX A
SUPPLEMENTARY MATERIALS — CHAPTER 2

Temporal correlation analysis

In our research, we first adopted a temporal correlation approach to examine the similarities
in brain temporal activity between corresponding RSN nodes in the brains of the sham group and
those undergoing TBI (SLN or FMT group). To accomplish this, we innovatively adapted the
FSLNets tool, which was initially developed for comparing connectivity strength between
different RSN nodes. Specifically, we modified FSLNets to assess the correlation of activity
within the same RSN node across different individuals—one from a TBI group and another from
the sham group—thereby creating a 'pseudo subject'. Generation of pseudo subjects allows

FSLNets to identify correlations in node activity between the sham and TBI groups over time.

The process involves several steps: First, we paired time series from corresponding nodes
of subjects in a TBI group with those in the sham group, concatenating these series to form a 2-
dimensional matrix (2K by t) that simulates a single subject with twice the number of nodes (2K)
for analysis by FSLNets. Second, using FSLNets’ functions, we calculated correlation matrices
for these 2K nodes, which were then transformed into temporal Z-score matrices via Fisher’s
transformation. A one-group T-test assessed the null hypothesis of no correlation, producing Z-
stats that were interpreted within the context of our study’s adapted FSLNets pipeline. Next, from
these matrices, we specifically focused on the Z-stats between corresponding nodes across the TBI

and sham groups, shown as the diagonal red blocks at the lower-left quadrant of the correlation
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matrix (right section of Figure Al). These Z-stats, which traditionally gauge temporal functional
similarity, were repurposed in our study to measure recovery or disruption in resting-state

networks (RSNs) following TBI.

Spatial correlation analysis

The masked 3D CBF maps associated with each RSN were rearranged into 1D arrays (i.e.,
in the same format as time series) and then analyzed using the same FSLNets functions as in
temporal analysis. Similar to the temporal correlation analysis, we aligned rearranged CBF data
from the TBI group and the sham group to generate pseudo subjects, forming data matrices with
dimensions 2K by v, where v is the number of voxels for the RSN in the ASL space. We then
calculated inter-node correlation coefficient matrices for each RSN at both time points (D1 and
D7). To reduce any potential bias in the cross-group correlation analysis, we conducted drop-one-

out tests using 128 randomized group tests.
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t-length time series

t-length time series

Temporal
correlation
RtoZ
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Inter-group
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nodes in TBI group nodes in sham group

Figure A1l: Flowchart depicting the cross-group temporal analysis methodology. Time

series are rearranged to form pseudo subjects, doubling the node number for FSLNets functions.

In the FSLNets' node by node matrix output, the red diagonal of the yellow matrix represents

inter-group correlations between the same nodes. These red diagonals are collected and treated as

similarities between nodes' behaviors in different groups.
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Figure A2. Visualization of overlapping each RSN’s atlas with the best correlated node

from ICA and sDL group learning that was employed in the study. Columns from left to right
represent RSNs: EXN, VIS, SMN, DMN, AUD, SAL, and BAS; rows from top to bottom: ICA
with FL (full dataset learning), ICA with SL (sham-only dataset learning), sDL with FL, and sDL
with SL. It is seen that the ICA nodes are more condensed and independent from each other,
while the sDL nodes have larger distribution across the brain. The ICA nodes’ activation maps
are usually only part of the RSN, while the sDL can fill most of the atlases. In ICA, no consistent
clear difference can be observed between the FL and SL results. In sDL, SL shows more

symmetric results in SMN and AUD, while other RSNs remain at a similar level in symmetry.
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APPENDIX B

SUPPLEMENTARY MATERIALS — CHAPTER 3
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Supplementary Materials

# anatomy

1 Ventral anterior thalamic nucleus
2 Caudate nucleus

3 Putamen

4 Hippocampus

5 Amygdala

6 Primary Somatosensory Cortex
7 Primary Motor Cortex

8 Somatosensory Association Cortex
9 Premotor Cortex

10 Dorsolateral prefrontal cortex
11 Anterior prefrontal cortex

12 Insular cortex

13 Primary visual cortex

14 Secondary visual cortex

15 Associative visual cortex

16 Inferior temporal gyrus

17 Middle temporal gyrus

18 Superior temporal gyrus

19 Dorsal posterior cingular cortex
20 Dorsal anterior cingulate cortex
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21 Anterior entorhinal cortex
22 Perirhinal cortex

23 Parahippocampal cortex
24 Fusiform gyrus

25 Auditory Cortex

26 Prepyriform area

Table B1. Name of the 26 symmetric pairs of ROIs selected in the study.
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Negative white matter

tracts for piglets

Description

CBD L,R

Cingulum Dorsal Bundle: connecting the dorsal posterior cingulate

and the border of the anterior and posterior cingulate cortex.

Pregenual Cingulum: connecting the dorsal anterior cingulate to

anterior prefrontal cortex passing the genu of the corpus callosum

Forceps Major: connecting the left and right visual cortices passing

through the splenium of the corpus callosum

Fornix: connecting the corpus callosum and the hippocampus and

amygdala

Inferior Longitudinal Fasciculus: connecting the inferior temporal

gyrus to the inferior occipital lobe

Middle Cerebellar Peduncle: connecting the left and right cerebellar

peduncles

Table B2. Name and information of 10 negative white matter tracts for piglets, present in the

adult pig brain only.
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Tract
number# P-value
1 0.636976
2 0.55287
7 0.320605
8 0.797284
9 0.721022
10 0.058384
12 0.709753
15 0.783491
16 0.695009
20 0.339079
21 0.828006
22 0.325993
23 0.782321
24 0.789842
25 0.793411
26 0.238168
27 0.722846
al 0.804011
o2 0.139509
B 0.107583

Table B3. This table lists the identified piglet brain white matter tracts with their ANOVA p-
values, crucial for evaluating gender-based connectivity differences. No significant differences

were found.
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Region of interest

Adult to adult versus piglet to

Piglet to piglet versus piglet

number# adult results to adult results
1 5.04E-19 5.98E-26
2 3.44E-31 0
3 5.74E-29 0
4 2.11E-27 0
5 7.38E-25 0
6 5.37E-24 0
7 7.88E-18 8.31E-30
8 2.35E-20 0
9 5.88E-19 1.64E-37
10 1.08E-18 0
11 1.18E-30 0
12 4.17E-25 0
13 3.26E-23 0
14 5.11E-28 0
15 1.59E-05 1.27E-23
16 2.92E-17 2.74E-33
17 6.39E-11 2.18E-05
18 3.52E-15 1.92E-24
19 1.66E-13 2.20E-30
20 1.71E-14 1.56E-39
21 1.98E-27 0
22 2.80E-45 0
23 1.52E-15 3.19E-34
24 1.95E-14 5.30E-34
25 1.37E-26 0
26 2.55E-29 0
27 2.29E-09 1.61E-23
28 8.75E-22 0
29 2.03E-21 0
30 6.37E-22 0
31 8.95E-20 0
32 9.04E-19 0
33 1.93E-19 5.52E-35
34 6.10E-27 0
35 1.07E-19 0
36 2.72E-13 2.97E-41
37 9.37E-19 0
38 2.31E-24 0

123




39 1.94E-27 0
40 3.38E-22 0
41 6.59E-12 1.14E-33
42 4.56E-20 0
43 1.90E-15 5.56E-19
44 8.56E-29 0
45 2.12E-14 4.23E-38
46 3.76E-10 3.80E-33
47 5.69E-17 0
48 2.37E-26 0
49 2.55E-12 2.35E-37
50 9.08E-14 4.22E-30
51 1.07E-29 0
52 1.26E-15 1.21E-42

Table B4. This table displays the differences in structural connectivity blueprints via ANOVA
testing. The second column shows p-values for adult-to-adult versus cross-group (adult pig and
piglet) connectivity, while the third column indicates p-values for piglet-to-piglet versus cross-
group connectivity. All comparisons reveal significant intra-group differences compared to inter-

group results.
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